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Résumé

Au cours de 'histoire, le cerveau a été étudié sous différents aspects. Du 5éme au 17éme
siecle, le cerveau fut comparé aux modeles hydrauliques, ou les liquides étaient considérés
comme le support des pensées. Puis, durant le 18eme siecle, le cerveau fut associé aux
modeles électriques, on venait de découvrir la sensibilité des muscles et des nerfs aux
décharges électriques (Mein, 1988). De nos jours, le fonctionnement du cerveau est com-
paré aux calculs en parallele, aux statistiques bayésiennes et aux dynamiques de réseau
de neurones.

Ce tres bref historique montre que nos représentations du cerveau dépendent largement
de ce qui peut étre mesuré et des similitudes que I'on peut trouver avec des concepts déja
connus. Ces moyens de représentation simplifient notre compréhension du cerveau, c’est
un objet tres complexe comme l'illustre la diversité de sa composition, par exemple, la
multitude de molécules, de cellules, de tissus et la variété de leurs interactions et leurs
effets multiéchelle.

Dans le cerveau, il est difficile de mettre au point des expériences avec un niveau de
controle approprié a cause du haut niveau de connectivité. Pour traiter ce probleme,
les modeles mathématiques sont utilisés pour représenter le cerveau d’une fagon plus
compréhensible. En effet, les modeles mathématiques peuvent étre plus pratiques que
les expériences pour tester des hypotheses et chercher a extraire l'essence méme du
principe étudié, en le simplifiant. De plus, la modélisation computationnelle forme une
branche spécifique de la modélisation mathématique, permettant de résoudre de gros cal-
culs numériques.

Dans cette these, j'ai utilisé la modélisation computationnelle a travers différentes
approches pour étudier certaines régions cérébrales. Nous avons collaboré avec des neu-
robiologistes en appliquant nos modeles a des données expérimentales pour contribuer a
mieux comprendre 'action de la dopamine, un neuromodulateur. J’ai étudié la diversité
de l'action de la dopamine a trois échelles: la région cérébrale, le niveau cellulaire et
le niveau moléculaire. La dopamine a un gros impact sur le cerveau et elle est princi-
palement connue pour son implication dans le systeme de récompense. En effet, c’est
une molécule associée a la prédiction de récompense et de punition. Peu de régions
produisent de la dopamine et ces régions sont altérées par la maladie de Parkinson ou
perturbées par la dépression. Pour la maladie de Parkinson, j’ai con¢u un modele de type
taux de décharge pour reproduire I'activité neuronale des ganglions de la base. Ce modele
montre des réponses neuronales significativement différentes, entre la condition témoin et
la condition parkinsonienne. Par ailleurs, avec un modele de type Hodgin-Huxley prenant
en compte la dynamique de I'ion potassium, j’ai pu appuyer I'’hypothese que la région
cérébrale appelée ’habenula, lorsqu’elle est hyperactive, induirait la dépression. Cette
dépression serait due a un déséquilibre de la concentration en potassium a cause d’une
dysfonction de 'astrocyte (surexpression des canaux Kir4.1). Enfin, la dopamine est aussi
impliquée dans la plasticité synaptique, un phénomene a la base de la mémoire. Je I'ai
étudié avec un troisieme modele, prenant en compte plusieurs résultats expérimentaux
relatifs a la plasticité en fonction du timing des potentiels d’action et de sa modulation.
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La maladie de Parkinson Dans le contexte de la maladie de Parkinson, nous avons
collaboré avec des expérimentateurs (1’équipe de Laurent Venance au College de France,
Paris) pour étudier les ganglions de la base, une région du cerveau connue pour étre altérée
chez les malades parkinsoniens. La maladie de Parkinson est caractérisée, aux premiers
stades, par des symptomes moteurs, comme des tremblements et une rigidité des muscles,
puis des difficultés a un plus haut niveau cognitif, comme la planification ou la résolution
de problemes, enfin, si elle n’est pas traitée, de I'apathie et de I’anxiété. C’est une maladie
neurodégénérative, ce qui signifie que des neurones spécifiques deviennent dysfonctionnels,
en particulier les neurones des ganglions de la base, la région cérébrale impliquée dans
le controle de la motricité et les fonctions exécutives. La principale caractéristique de la
maladie de Parkinson est un manque de dopamine, qui peut étre contrebalancé en prenant
un substitut.

Pour mieux comprendre cette maladie et détecter ses premiers stades directement a
partir de l'activité du cerveau, le but de ce projet était d’examiner les différences entre
I'activité des ganglions de la base des rats témoins et celle des rats Parkinsoniens. Le
cortex cérébral est constitué de la partie externe du cerveau et est impliqué dans les
fonctions cognitives de haut niveau, comme 'attention, le langage ou la perception. Il
impacte aussi différentes sous-régions (les noyaux) des ganglions de la base et a travers
différentes voies neuronales.

Ainsi, en stimulant le cortex des rats et en enregistrant la réponse neurale de la
substantia nigra pars reticulata, un noyau des ganglions de la base, on peut obtenir
les caractéristiques des voies entre le cortex et les ganglions de la base et les comparer
entre les conditions témoins et Parkinsoniennes. En effet, les réponses neuronales de ce
noyau présentent un intérét tout particulier puisque c’est le noyau de sortie de I'activité
des ganglions de la base, ainsi il rend compte de toutes les informations regues et traitées
par les ganglions de la base. Cette information transite ensuite vers le cervelet et la moelle
épiniere, puis stimule les muscles. Ces enregistrements semblent donc une cible pertinente
pour comparer 'activité du cerveau entre les deux conditions.

Apres avoir prétraité les données enregistrées a partir de rats anesthésiés, nous avons
créé un modele computationnel que nous avons ajusté sur chaque enregistrement, pour
caractériser chacun d’eux rigoureusement. Nous pouvions ensuite comparer les parametres
du modele a chaque condition (témoin ou Parkinsonienne). Avec des analyses statistiques,
nous avons pu montrer qu’il n’y avait pas de différence significative entre les réponses
neuronales des rats témoins et Parkinsoniens. Néanmoins, il y avait différentes proportions
de types de réponses neuronales entre les deux conditions, suggérant que les voies entre le
cortex et les ganglions de la base ne sont pas modulées dans la maladie de Parkinson, mais
que la proportion de voies actives est différente. Ces résultats fournissent une nouvelle
voie d’exploration pour la maladie de Parkinson et suggerent qu’elle pourrait étre détectée
a partir de 'activité d’un groupe de neurones des ganglions de la base.

La dépression Dans cette partie, nous explorons les origines de la mise en place de
la dépression en collaboration avec des expérimentateurs (I’équipe de Hu’s de I"université
Zhejiang, Hangzhou, Chine). La dépression provoque une grande variété de symptomes
comme une baisse de moral, une perte de motivation, des sentiments de désespoir et
une inaptitude a ressentir le plaisir (anhedonia). Une des causes serait des déficits dans
la région cérébrale de I'habenula. En effet, en condition témoin, I'habenula inhibe les
neurones dopaminergiques de l'aire ventrale tegmentale, impliqués dans le systeme de
récompense. Au contraire, dans les cas de dépression, I’habenula devient hyperactif et
inhibe donc plus ces neurones dopaminergiques. Néanmoins, les causes de cette hyperac-
tivité sont toujours inconnues.
Notre but est de déterminer 1’origine de I'hyperactivité de I'habenula des rats. L’habenula
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est constitué d’une population hétérogene de neurones, qui peuvent étre catégorisés en
fonction de leur type de décharge: neurones silencieux, neurones a potentiel d’action sim-
ple (neurones spiking ) et neurones a potentiel d’action en rafale (neurones bursting). Les
neurones silencieux ne présentent pas d’activité de décharge en tranche et au repos, et
représentent la majorité de la population de neurone de ’habenula. Les neurones spiking
déchargent des potentiels d’action un par un, tandis que les neurones bursting déchargent
des groupes de potentiel d’action a haute fréquence. Les expériences sur les rats ont
mis en évidence qu’en condition de dépression la proportion de neurones bursting dans
I’habenula est plus forte que dans la condition témoin ce qui permet de faire 'hypothese
que les neurones bursting sont responsables de I’hyperactivité de ’habenula.

Nous avons congu un modele computationnel de la voie joignant 1’habenula au neurone
dopaminergique de l'aire ventrale tegmentale, soutenant 'idée que I'augmentation de la
proportion de neurones bursting inhibe mieux le neurone dopaminergique. En comparant
I'effet de différentes fréquences dans les modes spiking et bursting, le modele suggere
aussi que l'effet de I'hyperactivité de I’habenula est seulement dii a une augmentation
de la quantité de potentiel d’action plutot qu’a la spécificité du mode de décharge des
neurones bursting.

Par ailleurs, les expériences dans ['habenula montrent que les neurones peuvent passer
d’un mode de décharge spiking a bursting quand le voltage membranaire est plus négatif,
c’est-a-dire qu’il s’hyperpolarise. Les responsables de cette hyperpolarisation seraient des
canaux potassiums spécifiques, localisés sur la membrane des astrocytes. Les astrocytes
représentent un autre type de cellule du cerveau, qui ne décharge pas, entourant les neu-
rones. L’astrocyte possede des canaux qui retirent le potassium laché par le neurone
quand il décharge, ce sont des canaux rectifiant le potassium entrant (Kir). Le fait qu’ils
laissent le potassium entrer ou sortir dépend principalement du déséquilibre de concen-
tration en potassium entre l'intérieur et l'extérieur de l'astrocyte. Ce déséquilibre est
appelé le gradient électrochimique du potassium. Pour soutenir cette hypothese, nous
avons implémenté un autre modele, avec trois compartiments, le neurone, 1’astrocyte avec
des canaux Kir et I'espace entre le neurone et ’astrocyte, 1'espace extracellulaire. Con-
formément aux expériences, lorsque les canaux Kir étaient surexprimés a la surface de
I’astrocyte, la concentration de potassium dans l'espace extracellulaire diminuait suff-
isamment pour hyperpolariser a la fois le neurone et l'astrocyte. Ce résultat suggere
que, puisque les neurones bursting sont plus hyperpolarisés que les neurones spiking, la
surexpression des canaux Kir transformerait les neurones spiking en neurones bursting,
conduisant a ’hyperactivité de 'habenula en condition de dépression. Ainsi, ces canaux
Kir pourraient étre la cible de nouveaux médicaments pour traiter la dépression.

Synaptic plasticity Dans cette étude, nous avons encore collaboré avec 'équipe de
Laurent Venance (au College de France), mais aussi avec des modélisateurs (I'équipe de
Kim Blackwell a l'université de George Mason, Fairfax, VA, USA) pour concevoir un
modele qui prend en compte la plasticité synaptique au niveau moléculaire. La plasticité
synaptique est la capacité des synapses a ajuster leur efficacité en fonction des évenements.
C’est un phénomene a la base de la mémoire et de 'apprentissage. Néanmoins, ’ensemble
de la machinerie moléculaire de la plasticité synaptique est tres peu comprise, en partic-
ulier a cause des nombreux acteurs qui y sont impliqués, mais aussi a cause de la grande
diversité des regles de plasticité. En effet, ces regles dépendent de la région cérébrale, du
type de neurone formant les synapses et aussi des caractéristiques de stimuli. Pour réduire
notre étude, nous nous sommes focalisés sur les protocoles de plasticité en fonction du
timing des potentiels d’action (STDP) en combinant notre modele avec d’autres modeles
publiés. Ces modeles présentaient les modulations de la STDP soit par des molécules
endocannabinoides soit par des molécules de dopamine, mais pas les deux a la fois. Notre
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travail fut d’unifier leurs propriétés sur la STDP en un seul modele computationnel.

La STDP est obtenue avec un protocole expérimental spécifique, ot les neurones pre-
et post-synaptique déchargent a des timings précis. La regle classique, appelée la regle
Hebbienne spécifie que les neurones déchargeant dans 1’ordre pre- puis post-synaptique
voient l'efficacité de leurs synapses accrue alors que I'ordre inverse diminue l'efficacité de
la synapse. Cependant, en fonction du type de la synapse (excitatrice ou inhibitrice),
la région cérébrale ou les molécules de neuromodulation impliquée, cette regle peut étre
modifiée. Tout d’abord, le but était d’ajuster le modele aux données expérimentales de
STDP avec une trace claire de calcium. Nous avons fusionné deux modeles computation-
nels et préservé les caractéristiques de chacun d’eux. Un probleme majeur était de trouver
un équilibre entre chaque voie moléculaire pour préserver les dynamiques d’intéret tout en
restant dans une gamme réaliste de valeur de parametre. Nous avons obtenu un modele
reproduisant avec succes certains des résultats expérimentaux de plasticité, en fonction
du timing de stimulation et de la présence de dopamine. Ce modele peut maintenant
étre spécifiquement ajusté sur des enregistrements expérimentaux de fluctuations de cal-
cium. Ces enregistrements n’existent pas encore et seraient une tres grande avancée pour
comprendre la plasticité synaptique.
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Abstract

In the brain, the high connectivity level makes it difficult to set up experiments with
an appropriate level of control. To address that issue, mathematical models are used to
represent the brain in a more comprehensive way. Easier than experiments to test hy-
potheses, mathematical models can extend them closer to reality and aim to extract the
studied principle essence, by simplifying it. Computational modelling is a specific branch
of mathematical modelling allowing to solve large numerical calculations. In this thesis,
I used computational modelling to study brain parts through different approaches, all in
collaboration with neurobiologists and applied to experimental data. A common frame-
work is given by the goal of contributing to a picture of the action of the neuromodulator
dopamine. I studied the diversity of dopamine’s action at three different scales: the brain
region, the cellular level and the molecular level. Dopamine has a large impact on the
brain and it is mainly known for its rewarding dimension, it is, indeed, the molecule associ-
ated with reward prediction and punishment. Few regions in the brain produce dopamine
and these regions are impaired in Parkinson’s disease or disrupted in major depressive dis-
orders. Concerning Parkinson’s disease, I designed a firing-rate model to fit experimental
basal ganglia neural activity, which disclosed significant changes of the neural response
between control and Parkinsonian condition. Furthermore, with a Hodgkin-Huxley model
accounting for the dynamics of the potassium ion, I could support the hypothesis that
the brain region called lateral habenula hyper-activates and induces major depressive
disorders because of unbalanced potassium concentration due to astrocyte dysfunction
(Kir4.1 channels overexpression). Dopamine is also involved in synaptic plasticity, a phe-
nomenon at the basis of memory that I explored with a third model accounting for several
experimental results pertaining to spike-timing-dependent plasticity and its modulation.
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1. Introduction

The stance of the neurosceptic is described by the science philosopher Denis Forest as
“someone wondering about the validity, the utility or the innocuousness of the neurosci-
entific knowledge” (Forest, 2014). Before introducing how I used computational modelling
in my work on neuroscientific projects, I would like to share my neurosceptic point of view
concerning the current context of research.

This context, through the access to conferences, journals and grant applications,
presents a bias in favor of positive and newsy results. Indeed, since the current sys-
tem of research is also a means for its agents to fulfill their needs of financial security
and appreciation, then, the validity, the utility or the innocuousness of the knowledge
can become secondary. Therefore, scientific publications tend to overstate their results to
become more attractive.

In addition, there is a democratization of scientific equipment, indeed, devices such
as MRI imaging or EEG headsets, identifying which brain regions are activated during
a task, become more precise, less costly and easier to use, leading to a craze for what
neuroscience could teach us in various domains (Legrenzi and Umilta, 2011). However,
I think some results are oversold and can be misleading by rushing to hasty conclusions.
To counterbalance this tendency, I think knowledge requires some “wisdom” (Aberkane,
2016), i.e. by placing a greater emphasis on its incertitudes and on the consequences
of its implementations. Hence, I am worrying about the way this knowledge race can
disseminate its conclusions because, for me, it lacks coherency, long-term efficiency and
security on its applications.

I believe this “wisdom” can spread inside and outside of the scientific field in various
ways of communication (e.g. ethics committee or popularizing science) and I simply want
to engage the reader on what philosophical perspectives can bring to this issue with the
following illustration.

The philosopher Denis Forest highlights that neuroscientific literature has a tendency
to make a mereologic error, meaning to confer attributes, which are logically applying to
the whole animal, only to one part. Hence, here, to restrict abilities of the individual only
to its brain.

The example of the philosopher Ludwig Wittgenstein states that only a human can see
or can be blind, and hence this human is the one seeing, not its occipital cortex, also, the
human is answering its mail, not its brain. This mereologic error in certain neuroscientific
speeches can have large consequences, such as suggesting that the brain is the mind. Even
if most neuroscientists would probably agree that this simplification is not valid, scientific
literature still contributes to propagate it. Thus, whereas this old body-mind duality
is actually rather refuted by neuroscience, this mereologic error would propose a falsely
new duality, the body-brain one, which is unfounded (Forest, 2014). Without necessarily
changing the way to write, I think it is important to be very aware of this kind of bias
and their consequences by developing our philosophical awareness.

1
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2 Chapter 1. Introduction

1.1 Neuroscience and computational modelling

Through history, the brain has been studied from many aspects. From the 5th to the 17th
century, the brain was compared to hydraulic models, where liquids were believed to be the
support of thoughts. Then, during the 18th century, it has been associated with electrical
models, since muscles and nerves were shown to be sensitive to electrical discharges (Mein,
1988). Nowadays, the brain operation is compared to parallelized calculations, Bayesian
statistics and neural networks dynamics.

This very brief history shows that our representations of the brain depend largely on
what can be measured and on similarities with already known concepts. These means
of representation aim to simplify our understanding because the brain is a very complex
object, as illustrated by the diversity of its composition, such as the plethora of molecules,
cells and tissues and also by the variety of their interactions and their multi-scale effects.

In the brain, the high connectivity level makes it difficult to set up experiments with
an appropriate level of control. To address that issue, mathematical models are used to
represent the brain in a more comprehensive way. Mathematical models can be more
convenient than experiments to test hypotheses and aim to extract the studied principle
essence, by simplifying it. Computational modelling is a specific branch of mathematical
modelling allowing to solve large numerical calculations.

In this thesis, I used computational modelling to study brain parts through different
approaches, all in collaboration with neurobiologists and applied to experimental data.
A common framework is given by the goal of contributing to a picture of the action of
the neuromodulator dopamine. I studied the diversity of dopamine action at three dif-
ferent scales: the brain region, the cellular level and the molecular level. Dopamine has
a large impact on the brain and it is mainly known for its rewarding dimension. It is,
indeed, the molecule associated with reward prediction and punishment. Few regions in
the brain produce dopamine and these regions are impaired in Parkinson’s disease or dis-
rupted in major depressive disorders. Concerning Parkinson’s disease, I designed a firing-
rate model to fit experimental basal ganglia neural activity, which disclosed significant
changes of the neural response between control and Parkinsonian condition. Furthermore,
with a Hodgkin-Huxley model accounting for the dynamics of the potassium ion, I could
support the hypothesis that the brain region called lateral habenula hyper-activates and
induces major depressive disorders because of unbalanced potassium concentration due
to astrocyte dysfunction (Kir4.1 channel overexpression). Dopamine is also involved in
synaptic plasticity, a phenomenon at the basis of memory that I explored with a third
model accounting for several experimental results pertaining to spike-timing-dependent
plasticity and its modulation.

1.2 Parkinson’s disease

In the context of Parkinson’s disease, we collaborated with experimentalists (Laurent Ve-
nance team from College de France, Paris) to explore the basal ganglia, a brain region
known to be impaired in Parkinsonian patients. Parkinson’s disease is widespread in the
world and it is characterized by motor symptoms in early stages, such as tremor and
muscle rigidity, then difficulties at higher cognitive level, such as planning and solving
problem and finally, if not treated, apathy and anxiety. It is a neurodegenerative dis-
ease, meaning that specific neurons become dysfunctional, targeting especially neurons
of the basal ganglia, a brain region involved in motricity control and executive functions.
The main characteristic of Parkinson’s disease is a lack of dopamine, it can be partially
counterbalanced by the intake of a substitute.
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1.3. Major depressive disorder 3

In order to better understand this disease and to detect its early stages directly from
the activity of the brain, the aim of this project was to investigate differences between
basal ganglia activity of control and Parkinsonian rats. The cerebral cortex consists of an
outer zone of neural tissue involved in high cognitive functions, such as attention, language
or perception. It also impacts different subregions (or nuclei) of the basal ganglia and
through different neural pathways.

Hence, by stimulating the cortex of rats and recording the neural response of the
substantia nigra pars reticulata, one nucleus of the basal ganglia, the characteristics of
the pathways between the cortex and the basal ganglia could be captured and compared
between both control and Parkinsonian conditions. Indeed, the neural response of this
specific nucleus is of peculiar interest because it is the output nucleus of the basal ganglia,
so it accounts for all the information received and processed by the basal ganglia. Next,
this information transits to the brainstem and spinal centers which then stimulate mus-
cles. Therefore, these recordings seem to be a pertinent target to compare brain activity
between both conditions.

After we treated the recorded data from anesthetized rats, we created a computational
model that we fitted on each recording, in order to characterize each of them rigorously.
We could then compare the parameters of the model associated to each class (control or
Parkinson). With statistical analysis, we could show that there was no significative dif-
ference of response between control and Parkinsonian rats. However, there were different
proportions of neural response type between both conditions, suggesting that pathways
between the cortex and the basal ganglia are not modulated in Parkinson’s disease but
that the proportion of operating pathways is different. This result suggests that Parkin-
son’s disease could be detected through a set of basal ganglia’s neurons activity.

1.3 Major depressive disorder

In this section, we explore the origins of major depressive disorder, in collaboration with
experimentalists (Hu’s team from Zhejiang University, Hangzhou, China). Major depres-
sive disorder causes a large variety of symptoms such as low mood, loss of motivation,
feelings of despair and inaptitude to feel pleasure (anhedonia). Impairments in the habe-
nula brain region would be one of the causes. Indeed, in control condition, the habenula
inhibits dopaminergic neurons of the ventral tegmental area, involved in the reward sys-
tem. On the contrary, in depression cases, the habenula becomes hyperactive and hence,
inhibits more these dopaminergic neurons. However, the reasons behind this hyperactivity
are still unknown.

The goal was to get some insight into the source of rats’ habenula hyperactivity. The
habenula comprises a heterogeneous population of neurons which can be categorized ac-
cording to their firing pattern: silent neurons, spiking neurons and bursting neurons.
Silent neurons show no firing activity in slices, at rest, and represent the majority of
habenula’s neurons population. Spiking neurons fire single spikes whereas bursting neu-
rons fire groups of spikes at high frequency. Experiments on rats brought to light that in
depression conditions the proportion of bursting neurons in the habenula is higher than
in control condition, leading to the hypothesis that bursting neurons are responsible for
the hyperactivity of the habenula. We designed a computational model of the pathway
from the habenula to the dopaminergic neuron that supports the idea that increasing the
proportion of bursting neurons do inhibit better dopaminergic neurons. By comparing
the effect of different frequencies in spiking and bursting mode, the model also suggests
that the effect of habenula hyperactivity is only due to an increased quantity of spikes
rather than a specific pattern of bursting mode.
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4 Chapter 1. Introduction

Furthermore, experiments in the habenula show that neurons can shift from spike fir-
ing to burst firing when their membrane voltage is more negative, namely hyperpolarized.
The responsible for this hyperpolarization would be specific potassium channels located
on the membrane of astrocytes. The astrocytes represent another type of cell in the brain,
not firing, that are surrounding neurons. The astrocyte possesses channels clearing the
potassium expelled by the neuron when it is firing, they are inwardly rectifying K+ (Kir)
channels. Namely, the fact that they let potassium enter or exit depends mainly on the
potassic concentration imbalance between the inside and the outside of the astrocyte.
This imbalance is called the electrochemical gradient of K+. To support this hypothe-
sis, we implemented another computational model with three compartments, the neuron,
the astrocyte with Kir channels and the space between the neuron and the astrocyte,
the extracellular space. In accordance with experiments, when Kir channels were over-
expressed on the surface of the astrocyte, the concentration of K+ in the extracellular
space diminished enough to hyperpolarize both the neuron and the astrocyte. This result
suggests that, since bursting neurons are more hyperpolarized than spiking neurons, the
overexpression of Kir channels would shift spiking neurons to bursting mode, leading to
the hyperactivity of the habenula in depression condition. Thus, these Kir channels could
be the target for new drugs to treat major depressive disorder.

1.4 Synaptic plasticity

In this study, we collaborated again with (Laurent Venance’s team from College de France)
but also with computational scientists (Kim Blackwell team from George Mason Uni-
versity, Fairfax, VA, USA) to design a model accounting for synaptic plasticity at the
molecular level. Synaptic plasticity is the capacity of synapses to adjust their efficiency
depending on events. It is a phenomenon at the basis of memory and learning. However,
the whole molecular machinery of synaptic plasticity is barely understood, in particu-
lar because of the many actors involved in it, but also because of the great diversity of
plasticity rules. Indeed, these rules depend on the brain region, the neural types of the
synapse and also the features of the stimuli. In order to restrain our study, we focused
on spike-timing dependent plasticity (STDP) protocols with a model combining previous
models of the literature to ours. These previous models presented either endocannabi-
noids or dopamine molecules shaping STDP, but not both. Our work was to unify them
and their properties on STDP in one computational model.

Spike-timing dependent plasticity is highlighted with a specific experimental protocol,
where pre- and post-synaptic neurons are firing at precise timing. The classical rule,
called the Hebbian rule, specifies that neurons firing in the pre- then post-synaptic order
increase the efficiency of the synapse whereas the reverse order decreases the efficiency of
the synapse. Nevertheless, depending on the type of synapse (excitatory or inhibitory),
the brain region or the neuromodulator molecules involved, this rule can be modified. In
the first instance, the goal was to fit a model on experimental data of STDP with a clear
calcium trace. We merged two computational models and preserved characteristics from
both of them. A major issue was to find an equilibrium between each molecular pathway
to preserve dynamics of interest while staying in a realistic range of parameter values. We
successfully obtained a model reproducing some of the experimental results of plasticity,
depending on the timing of stimulation and on the presence of dopamine. This model
can now be specifically fitted on experiments recording realistic calcium’s fluctuations,
which has not been done yet and would be a huge breakthrough to understand synaptic
plasticity.
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1.5 Organisation of the manuscript

The rest of the thesis is organised as follows: in chapter 2 we describe the current state
of our understanding of spike-timing dependent plasticity, depression and Parkinson. In
chapter 3 we present a project at the brain region level, on the basal ganglia activity of
Parkinsonian rats with a computational analysis of the experimental data, then in chapter
4 we describe the project on depression, at a cellular level, with two computational models;
one involving a dopaminergic neuron and one involving a neuron of the habenula region,
a surrounding astrocyte and the extracellular space between them. Finally, in Chapter
5 we show a computational model of a synapse, at the molecular scale, where synaptic
plasticity is possible.
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2. State of the art

2.1 Basal ganglia and Parkinson’s disease

Basal ganglia constitute the main brain region involved in Parkinson’s disease (PD). This
section will present PD, starting with dopaminergic neurons, continuing with anatomical
details and main functions of basal ganglia, and, finishing with the experiments and the
computational models approaches used to better understand PD.

2.1.1 Dopamine and anatomy of the basal ganglia

Since the loss of dopaminergic neurons, in the basal ganglia, is the main consequence of
Parkinson’s disease, dopaminergic neurons and dopamine will be introduced, then, each
nucleus that takes part into basal ganglia and how they are interconnected with each
other.

Dopaminergic neurons and dopamine

In the brain, there are around ten areas producing dopamine (DA) (Kandel et al., 2013);
however, the two main areas are the substantia nigra pars compacta, part of the basal
ganglia, and the ventral tegmental area, part of the midbrain (Berger et al., 1991)(Schultz,
1998). One nomenclature of these cell groups respectively designated them as A9 and A10
(Dahlstrom and Fuxe, 1964). These two brain regions are related to executive functions
such as motivation, reward learning and working memory, a cognitive capacity combining
temporary storage and manipulation of information (Seamans, 2007).

The dopaminergic neurons present two major patterns of firing activity, tonic and
phasic, which could encode different signals (Grace, 1991)(Grace, 2000). The tonic activity
is a regular spike-firing pattern, between 1 Hz and 6 Hz, usually exhibited in the absence
of salient stimuli (Grace and Bunney, 1984a)(Schultz et al., 1997). The tonic activity
maintains a basal level of DA in afferent regions. However this level can be increased or
decreased by stimuli and influence the number of DA receptors (Grace, 1991), between
0.3 and 15 nM in the striatum and the prefrontal cortex (Devoto et al., 2001)(Shoblock
et al., 2003).

On the contrary, in phasic activation, DA neurons can reach 20 Hz of firing rate
(Grace and Bunney, 1984b)(Kiyatkin and Stein, 1995), consequently, extracellular DA
concentration increases significantly and transiently, evoking a wide range of changes on
efferent neurons (Phillips et al., 2003)(Lavin et al., 2005) (Seamans and Durstewitz, 2008)
(see also part 2.3.4 on modelling dopaminergic neurons).

Furthermore, dopamine is a neuromodulator. The action of a neuromodulator is larger
than a neurotransmitter. A neurotransmitter is restricted to the synapse where it has
been released. When it has been used, it is reuptaken and recycled. On the contrary
a neuromodulator is not reabsorbed or broken down into a metabolite, instead, it is
spread in different areas of the brain through the cerebrospinal fluid and regulate diverse
populations of neurons (Burrows, 1996)(Schwartz and Javitch, 2013).
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8 Chapter 2. State of the art

Finally, in the context of PD, the dopaminergic neurons loss of the substantia nigra
pars compacta involves the basal ganglia.

Nuclei of basal ganglia

Basal ganglia form a brain region involved in diverse processes such as action selection
(chose the next action among several possibilities, cf. part 2.1.2), reinforcement learning
(learning from consequences of action in an environment cf. part 2.1.2) and procedural
learning (involved in the acquisition of skills and habits cf. part 2.1.2). They receive
inputs from the whole cortex and from the thalamus, and then, output back to the
thalamus (forming a loop), to the brainstem and spinal centres, which then stimulate
muscles. They are composed of six subnuclei, which have been grouped because of their
close functionalities, not their proximity (Figure 2.1).

The basal ganglia contains two major input nuclei, the striatum and the subthalamic
nucleus (STN), and two major output nuclei, the substantia nigra pars reticulata (SNr)
and the internal globus pallidus (GPi) (Figure 2.2). The external globus pallidus (GPe)
exchanges almost exclusively with the other structures of the basal ganglia. Finally, the
substantia nigra pars compacta (SNc) is composed of dopaminergic neurons and project
on other subnuclei, mainly on the striatum (Redgrave, 2007).

Striatum

Cingulate gyrus —

A

Prefrontal
cortex

Ventral
tegmental
area

\ Substantia
Nucleus nigra
accumbens

Thalamus
Subthalamic nucleus

Globus pallidus
External segment

Internal segment

Substantia nigra

Pars compacta

Pars reticulata

Figure 2.1: A) Sagittal view of the human brain. B) Coronal view of the human brain.
In red are the nuclei of the basal ganglia. Modified from Kandel et al. (2013)

Striatum The striatum receives direct input from the cerebral cortex and thalamus
(Figure 2.2). Indirect inputs come from the brainstem through the thalamus. Dopamin-
ergic and serotoninergic inputs come from the midbrain, respectively from SNc¢ and from
the raphe nuclei. In the striatum, the dorsal part is usually distinguished from the ventral
part. Besides, the dorsal striatum is composed by the putamen and the caudate nucleus
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2.1. Basal ganglia and Parkinson’s disease 9

whereas the ventral striatumt is formed by the nucleus accumbens, the olfactory tubercle
and the ventromedial caudate nucleus.

GABAergic medium spiny neurons (MSNs) are representing more than 90% of all
neurons in the striatum. And spiny neurons have been divided into two populations
depending on the dopamine receptor type D1 or D2 they express and according to the
neuroactive peptide they hold, either substance P and dynorphin or Enkephalin (Surmeier
et al., 2007).

Subthalamic nucleus The subthalamic nucleus is situated between the thalamus and
the substantia nigra. It receives projections from the external segment of the globus pal-
lidus, the cerebral cortex, the thalamus, and the brainstem, and sends output to both
segments of the globus pallidus and to the substantia nigra pars reticulata (Figure 2.2)
(Wichmann and DeLong, 2013). Moreover, the subthalamic nucleus is involved in hyper-
direct and direct pathway. It receives afferents from the GPe but also directly from the
cortex (Nambu et al., 2002).

External globus pallidus The external globus pallidus receives inhibitory input from
the striatum, excitatory input from the subthalamic nucleus, and provides GABAergic
inhibitory efferent connections to all the basal ganglia’s input and output nuclei (Chan
et al., 2005). It also provides inhibitory input to the SNc (Parent et al., 1999).

Internal globus pallidus / Substantia nigra pars reticulata Neurons of the in-
ternal globus pallidus are GABAergic and receives inhibitory GABAergic inputs from the
striatum and the external globus pallidus, and excitatory glutamatergic input from the
subthalamic nucleus (Parent et al., 1999). The substantia nigra pars reticulata also re-
ceives inhibitory (GABAergic) inputs from the striatum and the external globus pallidus
and excitatory inputs from the subthalamus (Gerfen and Wilson, 1996). Neurons of the

pars reticulata are GABAergic and inhibit strongly parts of the thalamus and brainstem
(Chevalier and Deniau, 1990).

Substantia nigra pars compacta Substantia nigra pars compacta contains dopamin-
ergic neurons; most of their dopaminergic terminals are in the striatum where they make
synaptic and non-synaptic contact with both MSNs and interneurons (Sulzer, 2005).

Thus, this set of subnuclei forms the basal ganglia that are organised around three
main pathways.

Three pathways between cortex and SNr

Two pathways were discovered from the cortex to the output nuclei of the basal ganglia
(the SNr and the GP1i); the direct pathway and the indirect pathway (Albin et al., 1989)
(Figure 2.2). Inputs from the cortex reach the two populations of neurons of the striatum,
neurons with D1-type dopamine receptors and neurons with D2-type dopamine receptors.
Then, in rodents, D1 neurons of the striatum make exclusively direct contact to the
GPi/SNr, forming the direct pathway. On the contrary, D2 neurons of the striatum
connect exclusively to the globus pallidus and subthalamic nucleus, which then connect
to the GPi/SNr, forming the indirect pathway. However, in primates, this segregation of
dopamine receptors on MSNs between the direct and the indirect pathway is not so clear
(Lévesque and Parent, 2005).
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Figure 2.2: Scheme of the three pathways between the cortex and the SNr, in the basal
ganglia circuit. Nuclei of the basal ganglia are orange. Green arrows are excitatory
whereas blue arrows are inhibitory. D1 and D2 are two different types of dopaminergic
receptors. Many other connections are not shown.

In addition, the STN also receives a direct input from the cortex called the hyperdirect
pathway (Berendse and Groenewegen, 1991)(Mathai and Smith, 2011) or the additional
indirect pathway (Smith et al., 1998). This hyperdirect pathway has been discovered more
recently and is less known. Thus, a cortical stimulation implies a response in the SNr with
three phases, one for each pathway; hyperdirect, direct and indirect (Figure 2.3). This
triphasic response is obtained by alternating disinhibition and direct inhibition, indeed,
the hyperdirect pathway activates directly the GPi/SNr via STN relay, the direct pathway
inhibits the GPi/SNr via the striatum and the indirect pathway activates the SNr via the
disinhibition of the GPe-STN inhibition (Maurice et al., 1999)(Degos et al., 2005) (Figure
2.2). Moreover, each pathway latency is correlated with the number of nuclei constituting
it, since there are very few connections between neurons within each nucleus. Thus, the
fastest pathway is the one involving fewer nuclei, the hyperdirect one.
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2.1. Basal ganglia and Parkinson’s disease 11

Hyper-direct pathway

Indirect pathway

Direct pathway

Figure 2.3: Aggregated spike series of the SNr after one stimulus in the cortex, over 50
repetitions.

Different approaches confirm this triphasic response associated with three pathways,
for example, through technics to preserve the hyperdirect pathway in a rodent brain slice
(Bosch et al., 2012). Or application of immunotoxin to eliminate a neuronal population
of a particular pathway, leaving intact other pathways (Takada et al., 2013). Or else viral
vectors which enable neuronal or glial subpopulations to be labelled and stimulated in a
spatially restricted area with optogenetic and designer drugs and which could even lead
to new treatments (Sizemore et al., 2016).

Since the SNt inhibits the brainstem, which then project on muscle fiber, the triphasic
response can be interpreted as the selection of a motor action delimited in time by these
three phases; first inhibition, then activation and inhibition again, where the inhibiting
phases could act to prevent interferences with competing motor mechanisms generated by
other parts of the brain (Mink, 1996), (Nambu et al., 2002).

In reality, there are more connections between nuclei of the basal ganglia that these
three pathways. For example, both types of MSNs project to the GPe, directly for D2
neurons, whereas for D1 neurons it occurs via collateral from the fiber innervating the
output nuclei (Parent et al., 2000). Also, neurons of the globus pallidus (GPe and GP1i)
directly connect to the subthalamus (Smith et al., 1998), moreover, they project back to
the striatum (Bevan et al., 1998).

Nevertheless, there is a topographic order in these connections; some projections are
more focused, and others are more diffused (Mink, 1996). Besides, some regions contain
more neurons than other, suggesting a compression of information (Oorschot, 1996).

Thus basal ganglia are organised around six nuclei and three main pathways and the
next part will expose how this organisation fulfill the main functions of the basal ganglia.

2.1.2 Main functions of the basal ganglia

In humans, many disabilities are associated with basal ganglia dysfunctions, including
Parkinson’s disease, Huntington’s disease, Tourette’s syndrome, schizophrenia, attention-
deficit disorder, obsessive-compulsive disorder, and many of the addictions (Redgrave,
2007). It is essential to understand the normal behaviour of the basal ganglia to explain
those pathologies. In the literature, there are three major functions with which basal
ganglia are involved; action selection, reinforcement learning and procedural learning.
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Action selection

Action selection is a task of decision-making in order for the agent to best achieve its
goals. For example, a cyclist choose to turn left or right. The circuitry, implicated in
voluntary movement initiation and execution, starts from the motor areas of the frontal
cortex. These motor areas project to motor portions of the basal ganglia, in particular
to the striatum and the subthalamic nucleus. These input structures of the basal ganglia
connect to the external and internal globus pallidus external segments and the substantia
nigra pars reticulata (Figure 2.2). The basal ganglia projects to the thalamus, which, in
turn, projects back to the frontal motor areas of the cortex (Parent and Hazrati, 1993).
These partially closed loops would modulate the neural activity issued from the frontal
motor areas of the cortex to brainstem and spinal centres, which then stimulate muscles.

Although the basal ganglia are a highly conserved subcortical circuit in vertebrates
(Medina and Reiner, 1995), the cortical motor and thalamic circuits have widely changed.
Indeed, dorsal basal ganglia circuit receives around 20 million projection neurons in
rats, from the neocortex (Zheng and Wilson, 2002) whereas the output by the SNr is
around 25,000 projection neurons (Oorschot, 1996). This bottleneck functional organisa-
tion would be consistent with the idea that a motor movement is the combination of the
output commands from the motor cortex with a motivation component from the basal
ganglia (Dudman and Krakauer, 2016). This motivation component would act on the
movement vigor, which corresponds to its speed, its amplitude or its frequency (Turner
and Desmurget, 2010).

Thus, since vertebrates are noticeable for their capacity to select and execute goal-
oriented actions, and since only the circuitry between the motor cortex and the basal
ganglia has drastically changed, one can argue that, in early vertebrates, the basal gan-
glia played a direct role in the control of movement and has evolved to a more indirect
and specific role in controlling movement vigor (Dudman and Krakauer, 2016). Besides,
recent optogenetics experiments on rats, showed that the direct and the indirect basal
ganglia pathways are necessary for both the initiation and the performance of an action
sequence (Tecuapetla et al., 2016), suggesting that these pathways have a major role and
a functional specificity in action selection.

Reward functions, reinforcement learning

Reinforcement learning (RL) is learning by interacting with an environment. RL is pri-
marily a trial-and-error learning, where the RL agent learns from the consequences of its
actions. It selects its actions on the basis of its experiences (exploitation) or it tests new
choices (exploration) (Woergoetter and Porr, 2008).

The basal ganglia are largely involved in reinforcement learning through their prop-
erties of reward prediction errors. Indeed, dopaminergic neurons of the substantia nigra
pars compacta, and also those of the ventral tegmental area, projecting to the striatum
and frontal cortex, could signal expected reward value and motivational state in a context-
dependent manner (Bayer and Glimcher, 2005). In effect, there is not a specific receptor
to capture the motivational component of rewards, rewards affect our body through all
sensory systems (Schultz, 2015).

Thus, dopaminergic neurons will fire more if the individual gets an unexpected reward
after an action or a stimulus, on the contrary, the absence of a reward whereas it was
expected, will inhibit dopaminergic neurons (Schultz et al., 1997). This comportment
of dopaminergic neurons is known as a reward prediction error because dopaminergic
neurons will change their firing frequency, in one way or the other, until the individual
expects the exact reward it gets, after a stimulus or an action (Figure 2.4) (Schultz, 1998).
A conditioned stimulus (CS) is a neutral stimulus, in this experiment it was a yellow light
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2.1. Basal ganglia and Parkinson’s disease 13

turning on and reward (R) was a delivery of liquid, knowing that monkeys were deprived
of fluids during weekdays. Hence, the dopaminergic discharge is shifted in time during the
learning phase; before the learning phase is achieved, the dopaminergic neural discharge
occurs just after the reward (Figure 2.4 Up panel) whereas after the learning phase, it
occurs just after the conditioned stimulus (Figure 2.4 middle and down panels).

No prediction
Reward occurs

nocs) R

Reward predicted
Reward occurs

D

CS

Reward predicted
No reward occurs

CS (no R)

Figure 2.4: Each panel represents a specific combination of conditioned stimulus (CS)
and reward (R) through recordings of twenty dopaminergic neurons. Each horizontal dot
line represents the firing activity of one recorded dopaminergic neuron over time. Only
one neuron at a time was recorded in each trial and the barplot at the top of each panel
is the aggregation of firing rate activity of twenty trials over time. Conditioned stimulus
(CS) is a yellow light turning on and reward (R) is a delivery of liquid directly in the
mouth of monkeys. The upper panel shows a positive reward prediction error because the
reward (R) was not expected, there is no conditioned stimulus (no CS). On the contrary,
the intermediate panel presents zero error in prediction because the reward was expected
and occurred. Finally, the lower panel shows a negative reward prediction error because
the reward was expected and did not occur (Schultz et al., 1997)

This signal from dopaminergic neurons is proportional to reward probability, to reward
magnitude and includes negative reward prediction errors (Tobler et al., 2005). Besides,
dopaminergic neurons can also signal punishments, since the activity of dopaminergic
neurons is inhibited by them. Thus, they can integrate both, reward and punishment to
direct learning (Matsumoto et al., 2016). They may also code the uncertainty (Niv et al.,
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2005) (Fiorillo et al., 2003) and the salience of a reward (Redgrave and Gurney, 2006).
The saliency of a reward stands for the quality which contrasts with the environment or
neighboring rewards. Moreover, as it has been shown in singing zebra finches, dopaminer-
gic error signals can evaluate behaviours that are not learned for rewards and are instead
learned by matching performance outcomes to internal goals (Gadagkar et al., 2016).

Furthermore, by locally inactivating associative part of the monkey striatum, the ac-
quisition of novel motor sequences is impaired, however, the execution of learned sequences
is not affected. On the contrary, inhibiting the sensorimotor part of the putamen (com-
ponent of the dorsal striatum) prevents the execution of learned sequences, but animals
could still acquire new ones (Miyachi et al., 1997). As a confirmation, neurons, in the sen-
sorimotor part of the putamen, were mostly activated when monkeys performed learned
sequences of moves whereas the neurons of the striatum associative part were mostly ac-
tivated when monkeys were learning new motor sequences (Miyachi et al., 2002). Thus,
exploration (acquisition of new motor sequences) and exploitation (activation of learned
sequences), composing reinforcement learning, request two well distinct regions of the
striatum in monkey.

Finally, the basal ganglia, through their involvement in reinforcement learning and in
action selection, are directly linked to movement control, which is largely corroborated
by diseases and lesions of this region. The following section is about procedural learn-
ing, a specific form of implicit learning. There are several implicit learning, like priming
learning, procedural learning (skills and habits), associative learning (classical and oper-
ant conditioning) and non-associative learning (habituation and sensitization). They are
grouped under the label “implicit” because they take place without recourse to conscious
thought and subjects are unable to express what they have learned.

Procedural learning

Procedural learning is a type of implicit learning exclusively found in the basal ganglia,
in particular in the striatum, that is involved in skills and habits acquisition. Procedural
learning often takes place without consciously thinking about it and skills can be retained
for long periods of time without practice (e.g. riding a bicycle) (Kandel et al., 2013).

In order to study procedural learning, one can use a “choice reaction time” experiment,
where subjects, presented with four buttons that light up in sequence, have to press as
fast as they can each button after it lights up. The subject does not know that the
buttons light up in a particular sequence. Obviously, knowing the sequence enables the
subject to predict which button will light up next and thus to press it more quickly. In
fact, responses become faster once the sequence is predicted, even when the subject is
totally unable to describe the sequence, showing the effect of procedural learning in an
unconscious way (Kandel et al., 2013).

Moreover, executing habitual movements would involve different areas of the striatum.
The ventral striatum and caudate nucleus (part of the dorsal striatum) activate first, dur-
ing early stages of procedural learning, whereas during later stages of learning and the
execution of learned movements, the dorso-lateral striatum is more active (Kandel et al.,
2013). As an illustration in primates, the experimental inactivation of the caudate nu-
cleus impairs the acquisition of movement sequences, whereas inactivation of the putamen
interferes with the performance of previously learned sequences (Miyachi et al., 2002).

Habits are routines that are acquired progressively by repetition and are the result of
an implicit learning specific form. A habit is an association between a stimulus and a
response, a behaviour that is triggered simply by particular stimuli rather than by desire
for (or fear of) some outcome.

The caudate nucleus is implicated in certain forms of procedural learning, such as
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2.1. Basal ganglia and Parkinson’s disease 15

stimulus-response associations and some forms of skill learning. Together with the ventral
striatum dysfunction in several diseases in which habit learning is impaired, including
obsessive-compulsive disorder and addiction (Kandel et al., 2013).

Furthermore, implicit memory based on striatum differs from explicit memory based
on hippocampus. Both have been distinguished by Packard et al. (1989) using an eight-
arm maze for rats. First, explicit memory is highlighted with a “win shift” foraging tasks
where the rat has to find food, the reward, from every arm of the maze. The rat’s task
is to optimize its path by remembering the arms already visited and to shift its focus to
the unvisited one. In this task, the rat has to recall specific locations it has explored on a
given day, since the experiment is repeated several consecutive days. To acquire and use
information about single events is a type of learning requiring the hippocampus, indeed,
this task is impaired by its lesion whereas damage to the caudate nucleus has no impact.
On the other hand, the same maze can be used to test implicit learning by teaching a
“win-stay” strategy to the rat. In this task, the rat has to learn to visit only four arms of
the maze, where there is food, identified by a light at the arm entrance. After two weeks of
practice, rats visit only arms that were lit. This win-stay task, in contrast to the win-shift
task, is impaired by lesions to the caudate nucleus but not by damage to hippocampus.
Thus the win-stay task requires the animal to learn about regularities (light always refers
to food) whereas the win shift involves remembering events on a given day (which arms
have been already visited) (Packard et al., 1989).

Thus, the basal ganglia are involved in several processes such as action selection,
reward functions, reinforcement learning and procedural learning, therefore their mal-
function causes a large variety of symptoms.

2.1.3 Basal ganglia diseases

Basal ganglia dysfunctions are involved in various diseases, for example, hemiballism,
Tourette’s syndrome, Huntington’s disease or Parkinson’s disease.

Hemiballism

Hemiballism is a movement disorder, presenting unilateral flinging movements of the
limbs, seen with acute lesions of the subthalamic nucleus. Antidopaminergic drug is the
most standard treatment used and it works in ninety percent of cases (Posturna and Lang,
2003).

Tourette’s syndrome

Tourette syndrome patients show behavioural and motor tics, obsessive-compulsive dis-
order (OCD), and attention-deficit hyperactivity disorder (ADHD). Basal ganglia seem
implicated since dopamine receptor-blocking drugs suppress tics (Kandel et al., 2013).

Huntington’s disease

Huntington’s disease (HD) is caused by a mutation in the gene encoding huntingtin.
In early stages, patients with HD, have spiny striatal neurons proliferating, later, these
neurons become degenerative (Ferrante et al., 1991). In later stages, neurodegeneration
occurs in both striatum and cortex, reducing their volume in living patients (Rosas et al.,
2001) and at autopsy (Halliday et al., 1998). This reduction of volume is present before
symptoms occur (Aylward et al., 2004).

The cognitive deficits related to HD include distractibility, impaired processing speed
or emotion recognition, which suggests a role for the basal ganglia in many cognitive
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functions, habitually attributed to the frontal cortex (Paulsen, 2011). Thus, behavioural
abnormalities, motor or cognitive, are present during the early stage of HD (Tabrizi et al.,
2013) and HD cognitive onset may precede motor (Paulsen and Long, 2014), suggesting
a major role for the basal ganglia in affective control.

At the circuitry level, HD causes progressive loss of striatal medium spiny neurons
(MSNs) that form direct and indirect pathways. MSNs of the indirect pathway are more
vulnerable than MSNs of the direct pathway (Albin et al., 1990) (Deng et al., 2004)(Tip-
pett et al., 2007).

One hypothesis to explain chorea movements, a symptom of HD (Albin et al., 1989), is
that the loss of striatal neurons, involving the indirect pathway, could result in increasing
the inhibitory action of the GPe upon the STN. The STN then is less active and causes
a reduction in the inhibitory action of the GPi upon the thalamus. This disinhibition of
the thalamus is supposed to result in the appearance of uncontrolled chorea movement
(Singh-Bains et al., 2016).

In advanced cases of HD, the loss of substance-P in MSNs of the direct pathway,
projecting from striatum to the GPi, could contribute to dystonia and the complete loss
of this projection system could be associated with the akinesia of terminal HD (Albin
et al., 1989). It could be explained by an increase of the inhibition of the GPi upon
the thalamus, diminishing thalamus input to the cortex, contributing to a shift from
hyperkinesia to hypokinesia (Deng et al., 2004).

Thus, basal ganglia impairments cause diverse form of troubles and Parkinson’s dis-
ease, which is one of them, will be now described through its symptoms, its therapies and
the characteristic oscillatory neuronal activity it presents in basal ganglia.

Parkinson’s disease symptoms

Parkinson’s disease is a common neurodegenerative disorder characterized by a progressive
cell loss in multiple brain regions, particularly brainstem nuclei and the SNc. During the
initial stages of Parkinson’s disease, post-mortem data show that the most important loss
of dopaminergic innervation is from the putamen (Kish et al., 1988) and that there is
a corresponding loss of dopaminergic cells in the SNc¢ (Fearnley and Lees, 1991). This
dopaminergic deficiency in the motor circuit implies motor symptoms like tremor, muscle
rigidity and hypokinesia. Besides, in early PD, dopamine deficiency in the caudate nucleus
and dysfunction of the associative circuits drive impairments in executive functions such as
planning and problem solving. Finally, the major psychiatric manifestations in untreated
PD are apathy, anxiety and depression (Rodriguez-Oroz et al., 2009).

Thus, the loss of striatal dopamine induces basal ganglia dysfunctions which con-
tribute to both motor and non-motor symptoms (Cools, 2006). However, post-mortem
studies comparing the brains of Parkinsonian and control patients, in addition of animal
experiments, show that the first motor symptoms of the disease occur when more than
70% of striatal dopamine are lost. That is, the basal ganglia-thalamocortical network can
strongly compensate for changes in dopamine levels (Wichmann and DeLong, 2013).

Post-mortem studies of animal models and PD patients have also revealed significant
pathology of glutamatergic synapses, dendritic spines and microcircuits in the striatum of
parkinsonians (Villalba et al., 2015). Moreover, recent findings have shown a significant
defect of the glutamatergic corticosubthalamic system in Parkinsonian monkeys.

Furthermore, patients with PD have troubles expressing automatic components of be-
haviour (Hoshiyama et al., 1994) and are disturbed in their implicit learning of habits
(Knowlton et al., 1996) (Wu et al., 2010). This disruption of automatic and well-learned
movements seems to reflect a loss of the basal ganglia’s role in procedural learning (Wich-
mann and DeLong, 2013). Indeed, in 6-hydroxydopamine lesioned rats (see section 2.1.3),
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2.1. Basal ganglia and Parkinson’s disease 17

a selective loss of dopamine from the lateral SNc and the lateral striatum prevents them
from developing habits, instead, their behaviour stayed goal-oriented, compared to control
animals (Faure et al., 2005).

Because of this constant goal-directed processing in PD patients, their tasks are subject
to interference (Benecke et al., 1986) (Nieuwboer et al., 2009). Indeed, since they require
a conscious decision to start a task, a different external stimulus can then stop them
abruptly (Hallett, 2008)(Okuma and Yanagisawa, 2008).

Impairments of the basal ganglia and its classical triphasic response (see section 2.1.1),
caused by Parkinson’s disease, can lead to a variety of symptoms, for example, abulia,
bradykinesia, dystonia and changes in the basal ganglia output activity, which will be
detailed in the next paragraphs.

Abulia The abulia refers to a lack of motivation, and can be produced by many diseases
involving impairments into the basal ganglia like depression, Huntington’s disease or PD.
There would be a double dissociation between the neural substrates associated with goal-
directed and stimulus-response habitual. Indeed, in animals, inactivating the rostromedial
striatal loops disturbs goal-directed control, but not stimulus-response habitual (Yin et al.,
2005a) (Yin et al., 2005b). On the contrary, inhibiting the caudolateral striatal loops
impairs habitual responding, but not goal-directed control (Yin et al., 2004)(Yin et al.,
2006). As a parallel, comparing PD patients and those having abulia shows a similar
dissociation.

The abulia symptoms are apathy and poverty of thought, however, if they are in-
structed to do so, patients with abulia can perform a wide variety of task. The initiation
of the behaviour must be maintained by external stimuli (Cutsuridis, 2013). Focal le-
sions to medial sectors of the basal ganglia, which could involve both associative and
mesolimbic territories (Redgrave et al., 2010) would cause abulia. Thus, abulia would be
characterized by a major loss of the internally motivated goal-directed behaviour with a
relative preservation of the stimulus-response (Vijayaraghavan et al., 2002) (Habib, 2004).

Bradykinesia Bradykinesia corresponds to slowness of movement and is one of the PD
major symptoms. To further extend, bradykinesia leads to akinesia, where, cognitively,
the generated movements are not automatic anymore and require more attention and
concentration. Besides, movements are interfered when novel movements are attempted
(Connor and Abbs, 1991) or when there is a sequence of movements to execute (Benecke
et al., 1986) (Lazarus and Stelmach, 1992).

The optogenetic activation of the indirect pathway (see section 2.1.1) would cause
bradykinesia by increasing freezing of the mouse, on the contrary, the activation of the
direct pathway increases the locomotion (Kravitz et al., 2010). In the same idea, repetitive
optogenetic activation of the indirect pathway prevents animals from moving whereas the
direct pathway reinforces the animal’s movement (Kravitz et al., 2012). At the opposite,
during normal movement, the direct and indirect pathways are concurrently activated
(Cui et al., 2013).

More specifically in the striatum, the average firing rate of medium spiny neurons
increased as axial dyskinesia developed, and both medium spiny neurons and fast spiking
interneurons were modulated around axial dyskinesia (Alberico et al., 2017).

Dystonia Dystonia is defined clinically by slow twisting movements, which may re-
semble tremor, and often resulting in abnormal postures. Voluntary movements trigger
dystonic movements and they result from the co-action of agonist and antagonist muscles.
Besides patients are unable to restrict movements to a single body part.
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Dystonia originates mostly from impairment in the basal ganglia-thalamocortical net-
work, because of genetic defects, focal lesions or disorders of dopamine structures. In the
case of dopamine-responsive dystonia, resulting of gene mutations, the symptoms can be
treated with dopamine replacement.

Moreover, dopaminergic dysfunction can cause the development of dystonia. Indeed,
dystonia can occur when alterations take place in striatal dopamine transmission, when
PD is not treated and when some patients receive dopamine receptor-blocking drugs, such
as neuroleptics treating schizophrenia (Wichmann and DeLong, 2013).

Basal ganglia output in PD In PD patients and animals, the pattern of activity
at the output of basal ganglia is different from controls (DeLong and Wichmann, 2007)
(Obeso et al., 2008). The STN and the GPi neurons, in Parkinsonian condition, show
increased firing activity (Figure 2.5) (Filion and Tremblay, 1991)(Rodriguez-Oroz et al.,
2001) and other patterns of synchronized oscillations that in control conditions (Wich-
mann and Soares, 2006) (Lopez-Azcérate et al., 2010) (Galvan et al., 2014). Contributing
to the definition of the rate-model (see section 2.1.4) these increased firing activities would
result in increased activity in the indirect pathway and decreased activity in the direct
pathway (Figure 2.5) (Galvan and Wichmann, 2008) (Rubin et al., 2012). Futhermore,
the hyperdirect pathway would also decrease in the Parkinsonian condition (Degos et al.,
2005). Moreover, this increase in basal ganglia output is thought to inhibit, even more, the
thalamocortical and midbrain tegmental neurons, which would explain the hypokinetic
features of the disease (Wichmann and DeLong, 2013).
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Figure 2.5: Scheme of the three pathways between the cortex and the SNr, in the basal
ganglia circuit, in Parkinsonian condition. Nuclei of the basal ganglia are orange. Green
arrows are excitatory whereas blue arrows are inhibitory. In Parkinsonian condition,
dopaminergic neurons of the SNc¢ are lost. The activity of the indirect pathway is in-
creased, whereas the activity of the direct pathway is decreased. Besides, the output
nuclei are hyperactivated (red circles) (Galvan and Wichmann, 2008).
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2.1. Basal ganglia and Parkinson’s disease 19

As aforementioned, PD causes both motor and non-motor symptoms, however, sev-
eral kinds of therapies have been explored, like injections, surgery or electromagnetic
stimulation.

Parkinson’s disease therapies

One way to treat PD is to use dopamine replacement therapies, such as the injection of
L-3,4-dihydroxyphenylalanine (L-DOPA) (Melgari et al., 2014)(Lloyd et al., 1975). With
these injections, movement abnormalities are reduced, however, non-motor symptoms such
as depression, anxiety or sleep disturbances do not respond to the treatment (Wichmann
and DeLong, 2013). The reason why L-DOPA is used instead of dopamine is that L-DOPA
can cross the protective blood-brain barrier whereas DA cannot. Once L-DOPA has
penetrated the central nervous system, the enzyme aromatic L-amino acid decarboxylase
(DOPA decarboxylase) turns it in DA. Besides, pyridoxal phosphate (vitamin B6) is a
cofactor in this reaction that is sometimes administered along with L-DOPA. Moreover, L-
DOPA can also be turned in dopamine within the peripheral nervous system, and excessive
level causes negative side effects. To bypass them, an inhibitor of DOPA decarboxylase
is generally coadministered with L-DOPA.

Another way to treat movement disorders is by stereotaxic surgery. Indeed, the lesion-
ing of the basal ganglia does not seem to aggravate motor problems and does not create
new motor difficulties when lesions are unilateral (Marsden and Obeso, 1994). Besides,
this treatment does not seem to induce huge effects on behaviour (Brown and Eusebio,
2008). This could lead to the conclusion that it would be better to have no output from
stimulus-response habitual control circuits than a noisy one (Redgrave et al., 2010).

Furthermore, adding deep brain stimulation (DBS), after the ablation of the basal
ganglia, would be an efficient way for many patients with advanced PD by targeting and
compensating the basal ganglia more accurately than with drugs (DeLong and Wichmann,
2015). More precisely, subthalamic nucleus DBS decreases pathological signals to the
thalamus (Anderson et al., 2015) (see also part 2.1.3).

Moreover, bee venom would have a beneficial action on motor symptoms of PD by
acting on the cortico-basal ganglia circuits and could be relevant to the symptomatic
treatment of this disease (Maurice et al., 2015) (Hartmann et al., 2016).

Finally, a promising path is the electromagnetic therapies such as transcranial mag-
netic stimulation (TMS) or pulsed electromagnetic fields (PEMF). Indeed, they are non-
invasive and effective in treating both motor and non-motor symptoms PD patient (Vadala
et al., 2015).

In spite of the several kinds of therapies, most of them are only counterbalancing
symptoms rather than treating the cause Besides, their functioning are not fully under-
stood. To provide new insights on PD, another way is to explore the specific oscillations
found in basal ganglia of PD patients.

Oscillations in basal ganglia

PD shows abnormal oscillations in the basal ganglia (pairs of STN neurons oscillate in
phase at the beta frequency band, 15-30 Hz) and a computational approach supports
that the inhibitory inputs from the striatum to the GPe form a major parameter driv-
ing oscillations. Indeed, an increase in striatal activity would unleash oscillations in the
basal ganglia (Kumar et al., 2011). As PD severity increases, the information exchange
between the GPe and the GPi would also increase, hence, with PD progression, the direct
and indirect pathways are not working independently anymore and start to convey redun-
dant information (Dorval et al., 2015). The loss of parallel processing would impair the
ability of the network to select and implement motor commands, hence promoting the
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hypokinetic symptoms of PD. However, these views of independent working pathways,
in control condition, start to be controversial. Emerging evidence present the direct and
indirect pathways in competition during action selection rather than as independent facil-
itation and suppression levers. Besides, this competition would be critical for integrating
contextual uncertainty during decision-making (Dunovan and Verstynen, 2016).

The next sections will present respectively the last breakthrough with computational
approaches and experimental stimulation to study these oscillations.

Computational approaches Below is a specific section dedicated to computational
approaches of oscillations in PD, however, computational models of PD will be described
further in section 2.1.4.

In their first model, Merrison-Hort and Borisyuk (2013) considered only the direct and
indirect pathways, from the cortex to the globus pallidus (GP), one via the striatum and
another one via the STN. To better understand how these pathways produce oscillations
in the Parkinsonian GP, they used a neural network model. To model pallidal neurons
they used Hodgkin-Huxley like models (see part 2.3.2) receiving oscillatory cortex inputs
from integrate-and-fire STN neurons (see part 2.3.1)(Figure 2.6). By using a homoge-
neous population of GP neurons they observed a self-organised dynamic behaviour where
two groups of neurons emerge: one population of GP neurons spike in-phase with the
cortical rthythm (SWA) while another population spikes in anti-phase, in agreement with
experiments (Merrison-Hort and Borisyuk, 2013).

STN GP
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Figure 2.6: Integrate-and-fire STN neurons, modulated by an approximately 1 Hz rhythm,
a slow-wave activity (SWA), provide excitatory synaptic input to a population of GP
neurons. Local inhibitory synaptic connections between GP neurons have random con-
nectivity (Merrison-Hort and Borisyuk, 2013).
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Another biophysical network model, based on Hodgkin-Huxley equations, predicts
that the pallidostriatal pathway (from globus pallidus to the striatum) influences striatal
output preferentially during periods of synchronized activity within GPe (Corbit et al.,
2016). Hence, GPe may play a central role in propagating abnormal circuit activity to
the striatum, which in turn projects to downstream basal ganglia structures.

Wei et al. (2015) studied the role of the indirect basal ganglia pathway in decision-
making with a neural network based on integrate-and-fire model (see part 2.3.1), and
observed the emergence of oscillations. The indirect pathway would counterbalance the
direct pathway in their projections to the output nucleus. Moreover, in the model, chang-
ing the connections of basal ganglia, in a similar way that in PD, give rise to beta oscilla-
tions. In particular, beta oscillations are produced by an abnormal increase of interactions
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between the STN and the GPe in the indirect pathway. The oscillation frequency depends
on the excitatory cortical input to the STN and the inhibitory input to the GPe from the
striatum (Wei et al., 2015).

Consistent with experiments (Tachibana et al., 2011), Pavlides et al. (2015) used a
firing-rate model (see part 2.3.5) and by assuming that Parkinsonian beta oscillations are
generated in the cortex could explain the data when the STN-GPe circuit resonates at
the same frequency. This model also reproduces the data by assuming that the feedback
from the STN-GPe circuit to cortex is important for maintaining the oscillations in the
network (Pavlides et al., 2015).

Thus, through different approaches, all these computational models are converging to
support the hypothesis that the abnormal apparition and sustainability of beta oscillations
in the basal ganglia depends on the interaction between the STN and the GPe nuclei.

High-frequency (HF) and deep brain (DB) stimulations The neuroleptics can
be used to block dopaminergic receptors and hence can mimic some effects of PD due to
the decrease of dopamine levels. Then, by using rats with neuroleptic-induced catalepsy,
considered to be an animal model of the akinesia and the rigidity seen in Parkinson’s
disease, Degos et al. (2005) showed that high frequency stimulation of the STN (HFS)
permits to reverse this catalepsy. Indeed, neuroleptic injection alters the tonic and regular
mode of SNr neurons discharge, most of them becoming irregular with bursts of spikes and
pauses. Besides, the direct pathway in the basal ganglia has a decreased activity whereas
the indirect pathway has an increased activity. However, during STN HFS, the SNr firing
pattern was regularized, and the bias between the direct and the indirect pathways was
reversed (Degos et al., 2005).

To go further, the thalamo-cortical network of Parkinsonian rats, corresponding to the
output of the basal ganglia, is also changed electrophysiologically. And STN HFS applied
at parameters alleviating Parkinsonian signs regularized the firing pattern of pyramidal
cells and restored their electrical membrane properties (Degos et al., 2013). Thus, con-
verging with computational results in the previous section 2.1.3, direct HFS treatment
on the STN seems to support the idea that the abnormal activity of this nucleus is a key
factor in PD symptoms.

In order to study PD, neurobiologists use several models of rats. In one of them, they
induce lesions in the substantia nigra pars compacta with surgery, where they specifi-
cally kill dopaminergic neurons by injecting 6-hydroxydopamine (6-OHDA) (Figure 2.7)
(Simola et al., 2007) (Koob et al., 1978) (Blesa and Przedborski, 2014). The loss of
dopamine includes electrophysiological changes in firing rates, bursting activity, neuronal
oscillations, and synchrony. These symptoms are characteristic of PD (Ellens and Lev-
enthal, 2013). A biophysical model, based on Izhikevitch equations, of the cortex-basal
ganglia-thalamus network, in the Parkinson’s disease 6-OHDA lesioned rats model, sug-
gests that high frequency (HF) DBS in the STN suppresses pathological oscillations in
GPe/GPi both by exciting and inhibiting the firing in GPe/GPi neurons. Besides, the
number of GPe/GPi influenced neurons was greater with HF stimulation than with low-
frequency stimulation (Kumaravelu et al., 2016). This paper suggests that the action of
DBS in the STN diminishes the pathological oscillations in the globus pallidus (GPe/GP1).
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Figure 2.7: Mechanisms of 6-OHDA-induced neurotoxicity. After being taken up from
the extracellular space by DAT or NAT, 6-OHDA is stored in catecholaminergic neurons.
Inside these neurons, 6-OHDA undergoes both enzymatic degradation by MAO-A and
autoxidation, generating several cytotoxic species that, by damaging endocellular proteins
and nuclei, produce neuronal damage. Moreover, 6-OHDA might induce neurotoxicity by
impairing the activity of mitochondrial complex I. In experimental animals, 6-OHDA is
usually administered in association with NAT blockers, such as DMI, to prevent its uptake
by noradrenergic terminals and to selectively target dopaminergic neurons (Simola et al.,

2007).

DBS is known to be more efficient in the STN than in the striatum (Odekerken et al.,
2016).

Furthermore, Hahn and McIntyre (2010) used a Hodgkin-Huxley like computational
model of the subthalamopallidal network, trained to fit in vivo recordings from Parkinso-
nia monkeys, to evaluate its response to STN DBS. The model also provides predictions
on GPi bursting activity. For example, the reduction of GPi bursting activity is propor-
tionally reduced to the volume of STN activated by DBS. Another prediction is that the
ablation of STN neurons, reported generating similar therapeutic outcomes as STN DBS,
also reduced GPi bursting.

Using the previous model and a mean-field model (see part 2.3.6), Holt and Netoff
(2014) determined that the oscillation could emerge from the coupling between the GPe
and the STN. When coupled, the two resonate with each other in the PD state but not in
the control state. By characterizing how subthreshold DBS pulses affect this oscillation,
the model could predict stimulus frequencies capable of suppressing this oscillation (Holt
and Netoff, 2014).

Thus, HFS and DBS, either in experiments or computational modelling, converge to
suggest that the abnormal beta oscillation in PD would come from the STN and the GPe
activities and that HFS and DBS are efficient to counterbalance these oscillations.

Beyond oscillations in the basal ganglia, the next section will introduce several com-
putational models on PD.
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2.1.4 Computational modelling approaches of Parkinson’s dis-
ease

Computational modelling allows testing hypotheses and exploring ideas that are not al-
ways possible to realize experimentally. Thus, several computational models of PD have
been published. The most representatives ones, will are introduced in the subsequent
sections.

The Rate Model

One of the first modelling approaches to explain PD is the so-called Rate Model (Albin
et al., 1989). It is not a computational model (there is no link with firing-rate models
described in section 2.3.5) but a description of the basic anatomical and neurochemical
connections between basal ganglia nuclei which generated testable hypotheses regarding
physiology and connectivity, influencing the subsequent computational models on Parkin-
son’s disease. The Rate Model also assumed that human movement disorders are caused
by imbalanced activity in basal ganglia nuclei and sprang, in large part, from observations
about deviations in basal ganglia structure and function in disease, particularly Hunting-
ton’s disease, Parkinson’s disease, and hemiballism. It postulated that the basal ganglia
process cortical input through parallel pathways from the striatum to the basal ganglia
output nuclei, and feed it back to the cortex via a thalamic relay.

The simplest formulation of the Rate Model treats the direct and indirect pathways
as groups of neurons with uniform responses. However, given the functional and synaptic
organisation of the basal ganglia, a diversity of responses is more likely (Nelson and
Kreitzer, 2014). Indeed, physiological recordings from normal nonhuman primates during
motor and cognitive tasks show a wide variety of responses during a single task, even
within the same anatomic region. Besides, the Rate Model assumptions cannot account
for the lack of akinesia following thalamic lesions and of involuntary movements following
lesions of the internal pallidum, as demonstrated in both experimental animal models and
surgically treated patients (Wichmann and DeLong, 2013).

Oscillatory models

Several other approaches to model PD have been proposed, for example, mean-field-based
models (see section 2.3.6) of the basal ganglia and thalamocortical system (van Albada and
Robinson, 2009) (van Albada et al., 2009) reproducing realistic firing rates of each neuronal
population in both healthy and PD states. Also, a Hodgkin-Huxley like (see section 2.3.2)
neural network model of the GPe and STN suggested that this circuit is capable both
of correlated rhythmic activity and of irregular autonomous patterns of activity that
block rhythmicity (Terman et al., 2002). This would explain the appearance of correlated
oscillatory activity in the GPe-STN circuit after destruction of dopaminergic neurons in
Parkinson’s disease. Another set of Hodgkin-Huxley like neural network models were
used to predict the impact of DBS (see section 2.1.3) and suggests that delayed feedback
DBS in Parkinson’s disease may boost rather than suppress excessively synchronous beta-
band oscillatory activity, believed to enhance hypokinetic motor symptoms of Parkinson’s
disease (Goldberg et al., 2002)(Guo and Rubin, 2011)(Dovzhenok et al., 2013).

Furthermore, Leblois et al. (2006) explored the competition between the hyperdirect
and the direct pathways with a firing-rate model (see part 2.3.5), suggesting that PD
impairs this balance which results in the incapacity of the network to select motor pro-
grams. Besides, another firing-rate model studying motor selection presents the dopamine
decrease as responsible for the impairment of the basal ganglia’s ability to select actions
(Humphries et al., 2006).
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As a last example, in a composite firing-rate and mean-field neural network model,
the basal ganglia are represented by a mean-field model interacting with a detailed firing-
rate model of the thalamus and six-layered cortex (Figure 2.8). The firing-rate network
model consisted of 4950 spiking neurons, divided into 15 excitatory and inhibitory cell
populations in the thalamus and cortex whereas the field model consisted of the cortex,
thalamus, striatum, subthalamic nucleus, and globus pallidus. Since the field model
represents a brain region much larger than the firing-rate network model, the field causally
influences the network, but not vice versa.

To obtain realistic firing rates in the firing-rate network model, the input spiking rate
each neuron receives was bounded, by normalizing it. Then, the input was obtained by
treating each of these normalized instantaneous firing rates as the rate of an ensemble of
Poisson processes for generating spikes. These spikes were used to drive each population
of spiking neurons, using the same connections as used in the field model itself. The key
methodological novelty of this work is that the spiking network model is thus embedded in
an environment with physiologically realistic dynamics (as provided by the field model),
rather than a white noise environment (Oswald et al., 2009)(Muller and Destexhe, 2012).
Hence, they could explore the effects of driving a spiking network model with several
different types of input, including those corresponding to the healthy brain and to PD.
For example, in accordance with experimental results, they found increased synchrony
among basal ganglia neurons in their PD model.

Thus, several computational models suggest that studying oscillations in the cortex
and the basal ganglia is a promising lead to explore PD, and all of them support the
hypothesis of the involvement of the GPe and the STN activities.
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Figure 2.8: Mean-field model schematic of Kerr et al. (2013), showing excitatory popu-
lations and connections (light colors, diamond arrows) and inhibitory ones (dark colors,
round arrows). The key efferent nucleus of the basal ganglia is the internal globus pal-
lidus, which receives cortical input via direct, indirect, and hyperdirect pathways. The
mean-field model drives an integrate-and-fire network model (shown here schematically
with dots at left); the thin lines indicate the inputs from the mean-field model to the
integrate-and-fire model. The substantia nigra pars compacta modulates parameters, but
is not explicitly modelled. Inputs to the thalamus (yellow arrow) were modelled as white
noise (Kerr et al., 2013).

Action selection and Go/No-Go models

The basal ganglia are involved in action selection (see part 2.1.2) and hence, in Go/No-
Go behaviours. An example of Go/No-Go behaviours is the one of a cyclist stopped at a
traffic light. The green light (stimulus) requires the biker to start cycling (Go) whereas
red light (other stimulus) prevents the biker to start cycling (No-Go).

Lindahl and Hellgren Kotaleski (2016) included realistic details, such as the connec-
tivity patterns and dopamine effects, in a basal ganglia spiking neural model containing
the dynamic of synapses, based on Izhikevich equations (see section 2.3.3). The dopamine
was regulated by a parameter representing the relative level of dopamine receptor occu-
pancy. Depending on the region, if dopamine has, for example, a known depolarizing
effect, then this parameter will directly multiply the voltage of this region in order to fit
on experimental results.

These computational simulations predict that both local inhibitions in striatum and
the presence of an indirect pathway are essential for the basal ganglia to properly select
action over. Besides, by decreasing dopamine in the model, the efficiency of AMPA was
increased in corticostriatal synapses to medium spiny neurons (MSNs) and to the MSN
lateral connectivity, these changes enhance synchrony and oscillations observed in PD.
On the contrary, increasing DA, could improve or restore basal ganglia action selection
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ability and reduce oscillations (Lindahl and Hellgren Kotaleski, 2016).

Mandali et al. (2015) presented another model of basal ganglia, where each nucleus
is reduced to 2500 Izhikevich spiking neurons and the dopamine signal represents reward
prediction error, in a reinforcement learning framework (see part 2.1.2). The strength of
STN lateral connections would control exploration levels and the synchrony levels in the
STN-GPe circuit. An increase in STN’s lateral strength led to a decrease in exploration,
which could be related to the reduced exploratory levels in Parkinson’s patients. Besides,
a complete removal of the indirect pathway leads to a model exhibiting only Go and
No-Go behaviours, without any exploration (Mandali et al., 2015). These results suggest
that the indirect pathway and the STN have a crucial role in exploration.

At the scale of basal ganglia pathways Frank (2005) realized a computational model
of the basal ganglia and the premotor cortex with the direct and indirect pathways, based
on the Leabra algorithm. The Leabra algorithm is a firing-rate like model coupled with
a learning algorithm, changing the weight of connection between basal ganglia nuclei,
depending on their activation. The input activates both the premotor cortex and the
striatum. In this model, the direct pathway selects the appropriate action (Go) whereas
the indirect pathway inhibits inappropriate actions (No-Go). Both pathways converge in
the GPi and compete to control its activation. Besides, this competition is modulated
by dopamine. In particular, higher DA levels increase the activation of the direct path-
way (e.g. through D1 receptors) and reduce the activation of the indirect pathway (e.g.
through D2 receptors). Thus, simulation results suggest that the dynamic range of the
DA signal is crucial in probabilistic learning and reversal learning (e.g. by changing the
association between response and reward during learning). Moreover, by reducing DA
level, to mimic PD, simulations reproduce Parkinsonian symptoms, for example, in the
probabilistic reversal learning task (Frank, 2005).

Furthermore, the reduction of dopamine in the basal ganglia and also in cortical and
spinal regions would activate inadequately motor cortical and spinal cord centres and cause
the slowness of movement in PD bradykinesia. To explore this hypothesis, Cutsuridis
(2013) used mean-field-based models of a cortical module and a spino-muscular module,
both modulated by dopamine. Model simulations showed that reduction of DA in cortical
and sub-cortical motor areas disrupts, via several pathways, the developmental rate and
peak neuronal activity of primary motor cortical cells. These changes lead to delays in
recruiting the appropriate level of muscle force sufficiently fast and cause a reduction of
the peak muscle force required to complete the movement. Repetitive and sometimes
co-contractive patterns of muscle activation are needed to complete the movement. These
disruptions result in an abnormal slowness of movement (Cutsuridis, 2013).

To go further, Cutsuridis (2013) investigated the origins of the experimentally ob-
served repetitive and co-contractive pattern of muscle activation in Parkinson’s disease.
Computer simulations showed that an oscillatory disrupted GPi segment response signal
induces repetitive movements but not co-contractive agonist-antagonist pattern of muscle
activation. However, when dopamine is also diminished in the cortex, a repetitive and
co-contractive pattern of muscle activation occurs. Finally, additional dopamine depletion
in the spinal cord sites results in a reduction of the size, duration and changing rate of
the repetitive and co-contractive EMG bursts (Cutsuridis, 2013).

Thus, these models studying Go/No-Go behaviours suggest that PD motor symptoms
are mainly caused by the interaction between the direct and the indirect pathways and
the modulation of this interaction by dopamine.
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SNr synaptic short-term plasticity model

The substantia nigra pars reticulata is the output of the basal ganglia and is subject
to short-term plasticity. To quantitatively investigate how synaptic short-term plasticity
affects the SNr, Lindahl et al. (2013) used a model of the basal ganglia network with
Izhikevich like neurons. SNr becomes particularly responsive to the characteristic burst-
like activity seen in both direct and indirect pathway striatal medium spiny neurons
(MSN). As expected, direct pathway MSNs are responsible for decreasing the activity in
SNr as illustrated in SNr response of figure 2.9. In particular, simulations indicate that
bursting in only a few percentage of the direct pathway MSNs is sufficient for completely
inhibiting SNr neuron activity. However, the model rather indicates that the direct GPe-
SNr projections control the SNr activity. This can be explained by the strong inhibition of
GPe on SNr but also the depressing STN-SNr synapses. Furthermore, depressing GPe-SNr
synapses allows the system to become sensitive to irregularly firing GPe subpopulations,
as seen in dopamine depleted conditions, even when the GPe mean firing rate does not
change (Lindahl et al., 2013).
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Figure 2.9: Illustration of the complete network model, with emulated input from 15,000
MSN D1 and 15,000 MSN D2 as well as a summed background input of 189 Hz from
cortex to STN neurons. In the illustration, a subpopulation of MSN D1 bursts and this
leads to a delayed decrease of activity in SNr (Lindahl et al., 2013).
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2.2 Habenula and depression disease

The habenula is the main brain region known to be involved in depression disease. This
section will present depression disease, starting with neurons and potassium dynamics in
the habenula, and, continuing with anatomical details and main functions of this region.
We will conclude on the few experiments and computational models approaches designed
to better understand depression.

2.2.1 The anatomy of the habenula

Habenula The habenula is a brain region (Figure 2.10) composed of two main sub-
nuclei; the medial and the lateral habenula (MHb, LHb) (Bianco and Wilson, 2009)
(Hikosaka, 2010). The pineal gland, the habenula and the stria medullaris form together
the epithalamus (Figure 2.11). The epithalamus lies on top of the thalamus.
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Figure 2.10: Sagittal view of the human brain.
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Figure 2.11: Afferent and efferent connections of the habenula. The MHb, LHb and
pineal gland are collectively called the epithalamus. The MHb receives inputs mainly
from the limbic system and sends outputs to the interpeduncular nucleus (IPN). The
LHD receives inputs mainly from the globus pallidus (see section 2.1.1) and also from the
cortex and the entopeduncular nucleus (EPN) and sends outputs to the brain structures
that contain dopaminergic neurons, partly through the rostromedial tegmental nucleus
(RMTg). Arrows indicate excitatory glutamatergic connections whereas bar-headed lines
are inhibitory GABAergic connections. Many of the existing connections are not shown,
including reverse connections.

Functional connectivity of the LHb The LHb receives a strong innervation from the
globus pallidus (see section 2.1.1) and the limbic system, a set of structures including the
olfactory bulbs, the hippocampus, the hypothalamus, the amygdala... (Hikosaka, 2010).

Moreover the LHDb receives glutamatergic afferents from the lateral hypothalamus and
from cortical inputs (Li et al., 2011) and GABAergic afferents from the entopeduncular
nucleus (EPN) (Shabel et al., 2012). Besides, tetanic stimulation in the ventral tegmental
area enhances LHb activity whereas, on the contrary, a single-pulse inhibits response by
90% of the LHb neurons (Shen et al., 2012). Moreover, optogenetic experiments show that
a subpopulation of VTA dopaminergic-GABAergic neurons inhibits LHb neurons during
rewards (Stamatakis et al., 2013). Therefore, the VTA projection to the LHb comprises
both inhibitory and excitatory connections.

LHb efferents are predominantly mediated by the GABAergic rostromedial tegmen-
tal nucleus (RMTg) (Jhou et al., 2011) and reach the dopaminergic subnuclei (ventral
tegmental area and substantia nigra pars compacta) (Hikosaka, 2010). Thus, LHb neu-
ronal activity exerts principally an inhibition onto DA neurons of basal ganglia (substantia
nigra) and in the VTA (Hikosaka, 2010), indeed a single stimulation of LHb inhibits by
90% the firing activity in both regions (Matsumoto and Hikosaka, 2007).

Therefore, the habenula is organised around two subnuclei which project to the basal
ganglia through inhibitory brain regions. The next section will expose how this organisa-
tion fulfill the main functions of the habenula.
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2.2.2 Neurons of the habenula

Neurons populations of the LHb The neurons of the LHb are heterogeneous in
their morphology and particularly in their firing patterns. Indeed, there are three types
of activity pattern in LHb; silent, tonic and phasic (Weiss and Veh, 2011). For both tonic
and phasic activity, regular firing neurons and irregular firing neurons can be distinguished
(Figure 2.12).
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Figure 2.12: Five types of activity pattern in LHb neurons. (A) Silent (B) tonic regu-
lar(i) /irregular(ii) (C) burst regular(i)/irregular (i) data obtained by Hu’s lab.

But there is a lack of literature about modelling these neurons because they are difficult
to describe properly. Indeed, habenular neurons are very sensitive. For example, their
resting membrane potential is hard to define with certainty because it varies greatly
during recordings, however, some of them tend to have a resting membrane potential at
-70 mV. Furthermore, when neurons in the habenula are hyperpolarized, they present
different kind of unclear responses such as continuous spiking, big sag or massy epileptic
current (Neumann et al., 2015). Hence, because habenular neurons are not easy to record
properly and because habenula became only recently a region of interest, there is a lack
of literature concerning models to describe them. On the contrary, dopaminergic neurons
and Kir channels, also involved in depression disease, are known for a longer time and
their studies, in both experiments and computational models, is more advanced as it will
be presented in sections 2.3.4 and 2.4.3.

2.2.3 Main functions and dysfunctions of habenula

The habenula is involved in reward and punishment processes, by projecting indirectly to
the dopaminergic nuclei (VTA and SNc).

Reward and aversive functions

The behavioural functions of the LHb can be approached with experiments on rhesus
monkeys, which perform on a visually guided saccade task with a biased reward outcome
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(two fixation spots can appear on the screen as a target, only one is rewarding) while
recording the activity of their LHb neurons and their substantia nigra dopaminergic neu-
rons (Matsumoto and Hikosaka, 2007). As a result, the habenula neurons were excited
by the no-reward-predicting target and inhibited by a reward-predicting target. At the
opposite, dopaminergic neurons were excited and inhibited by reward-predicting and no-
reward-predicting targets, respectively. In unrewarded trials, the excitation of habenula
neurons started earlier than the inhibition of dopaminergic neurons. Besides, unexpected
delivery of rewards inhibits LHb activity (Matsumoto and Hikosaka, 2007). This is coher-
ent with the fact that LHD signal to midbrain dopaminergic neurons is mainly inhibitory
since it is mediated by RMTg, composed by GABAergic inhibitory neurons (Jhou et al.,
2009). This evokes a picture whereby negative reward prediction error (reward not sup-
plied) activates the LHb, which inhibits DA firing (see figure 2.4) whereas positive reward
prediction error (unpredicted reward supplied) inhibits LHb, thus activates DA neurons
by disinhibition of SNec.

However, the situation is more complex since there are also direct LHb excitatory
projections to the VTA that activate DA neurons (Lammel et al., 2012), but optogenetic
activation shows that this LHb-VTA pathway is aversive. When blocking dopamine in
the medial prefrontal cortex (mPFC), the aversion is stopped. Thus, LHb activity can
reduce DA activity through the RMTg or directly increase it, but, in both cases, it results
in aversion-like behaviour. For example, in rats, deep-brain stimulation (DBS) of the
LHb provokes conditioned place avoidance (Friedman et al., 2011), it led to aversion to
the context associated with stimulation of this brain region. Also, while rats explore an
environment, optogenetic stimulation of EPN inputs onto the LHb triggers avoidance of
specific areas in that environment (Shabel et al., 2012). Consequently, aversive stimuli
activate the LHb, which in turn triggers circuits that lead to aversive behaviours (Proulx
et al., 2014).

In fact, LHb seems to play a role in encoding “disappointment” since negative unex-
pected events activate LHb neurons. Indeed, either an aversive event, such as an air puff
in the eye, or the simple omission of an expected reward, enhances LHb activity; as long
as it is unpredicted (Figure 2.13) (Matsumoto and Hikosaka, 2009).

Hence, LHb would have the possibility to drive reward-seeking and punishment-
avoidance behaviours.
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Figure 2.13: Responses of lateral habenula neurons to conditional stimuli (CS) and where
the reward is an amount of liquid. (a) Activity of an example neuron during the reward
block. Rasters and spike density functions (SDFs) are aligned by CS onset and shown for
100% reward with CS, 50% reward with CS (half of the initial liquid amount), and 0%
reward with CS. (b) Activity of the same neuron as in (a) during the punishment block.
Rasters and SDFs are shown for 100% airpuff with CS, 50% airpuff with CS, and 0%
airpuff with CS. (c¢) Averaged activity of the 49 neurons during the reward block. SDFs
are shown for 100% reward with CS (dark red), 50% reward with CS (light red), and
0% reward with CS (gray). Gray area indicates the period that was used to analyse CS
response. (d) Averaged activity of the 49 neurons during the punishment block. SDFs
are shown for 100% airpuff with CS (dark blue), 50% with airpuff CS (light blue), and
0% airpuff with CS (gray) (Matsumoto and Hikosaka, 2009).

Depression

Major depressive disorder (MDD) presents a large variety of symptoms such as low mood,
loss of motivation, feelings of despair and inaptitude to feel pleasure (anhedonia) (Li et al.,
2013).

Experiments on rodents, dogs or humans show that exposure to uncontrollability de-
bilitates escape learning, this is called the “learn helplessness effect”. Helpless animals
show many depression-like symptoms such as loss of appetite, lowered activity and sleep
disturbances (Henn et al., 1985). Besides, exposure to helplessness is strongly heritable,
therefore, some rat strains have been selectionned on these criteria, such as the congen-
itally learned helplessness (cLH) rat strain (Henn and Edwards, 1994). cLH rats show
a prompt helpless response to stress and are widely used as a rat model of depression
(Shumake et al., 2003).

Hence, in rodents, aversive events such as the repetition of shocks, physical restraint,
open field exposure and social defeat are capable of inducing depressive symptoms. In-
terestingly, these events also increase the metabolism in LHb neurons like mitochondrial
enzyme (i.e. cytochrome oxidase) (Shumake et al., 2003) and transcription factors expres-
sion (i.e. cFos, involved in long-term adaptive changes in the brain) (Brown and Shepard,
2013).

On the contrary, acute learned helplessness (aLH) is induced by submitting wild-
type rats to periods of inescapable and unpredictable aversive events (Maier, 1984). For
example, in a first phase, rats receive unavoidable random foot shocks (Figure 2.14) and,
in a second phase, they are placed in the same context, however, they can escape by
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pressing a lever. If the first phase is too long, rats will not find the solution in the second
phase. Thus, animals experiencing unavoidable stress may turn “helpless” and become
unable to avoid controllable stress.

Lever

Food dispensed
into box

Electric grid

Figure 2.14: The learned helplessness test. The subject cannot escape the box and receives
randomly electric shocks from the ground. The fact that it cannot escape shocks or even
predict them is supposed to induce helplessness which would lead to depression.

In rodents and humans, LHb shows hyperactivity during depressive-like states (Li
et al., 2011) (Li et al., 2013). Besides, in humans, positron emission tomography (PET)
shows that the LHb activity is strongly correlated with depressive symptoms, which were
induced by depleting serotonin levels (Morris et al., 1999).

Accordingly, lesions in the LHb of congenitally learned helplessness (cLH) rats reduces
serotonin levels and depression-like behaviour, such as decreasing immobility time in the
forced swim test (Yang et al., 2008). The forced swim test consists in placing the subject
in a tube of water from which it cannot escape. Then, it can swim or stay immobile and
floating, the assumption of this test is that the more the rodent is depressed, the more it
will stay immobile, not trying to escape.

Concerning cLH rats, intra-cerebral administration of GABA agonist muscimol into
the LHb decreases depressive-like behaviour, measured with the number of successful
trials in an escape paradigm to avoid electric foot shocks (Winter et al., 2011).

In control rats, microinjections of substance P in LHb produce depressive-like be-
haviours in the forced swim test (FST); the immobility time increases and the climbing
time decreases. On the contrary, when substance P receptor antagonist (SPA) was ad-
ministered in the LHb of depression rats models the immobility time decreases and the
climbing time increases in the FST, promoting antidepressive-like behaviours (Yang et al.,
2014).

Hence, data converge to suggest that LHb hyperactivity is correlated to depression
symptoms.

Another lead to cure depression is to directly stimulate the brain. Deep brain stimula-
tion (DBS) is based on the empirical observation that high-frequency electrical stimulation
of specific brain targets can mimic the effect of a lesion without the need for destroying
brain tissue (Volkmann and Deuschl, 2007). Treating rats exposed to chronic mild stress
(CMS) rats with DBS, performed by an implanted electrode into the LHb, seems to reduce
depressive-like symptoms (Meng et al., 2011). In this study, as a measure of depression,
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the authors employed open-field tests, which consists in counting the number of crossing
and rearing and measure the concentration of monoamines such as norepinephrine (NE),
dopamine and serotonin in blood serum and brain tissue. Both these measures were lower
in CMS rats than in control rats. Four weeks of DBS alleviates depressive behaviour,
indeed the number of crossing and rearing is increased as well as the monoamines levels.

Curiously, inhibiting the LHb did not show immediate antidepressant properties. In-
deed muscimol treatment in cLH rats decreases the number of failed trials in the escape
paradigm only one week after administration (Winter et al., 2011). Concerning the use of
DBS with humans, a study with one patient presenting resilient depression shows that it
required four months of stimulation for an almost total remission; depression was quan-
tified with the Hamilton depression scale (Sartorius et al., 2010). Hence, even if this
treatment seems promising its effects are not instantaneous suggesting that even if the
LHb would induce changes there are other brain regions involved in their maintenance.

Remitted major depressive disease subjects in fMRI display a habenula blood flow
increased right after they receive acute tryptophan depletion (ATD), which reduce the
serotonin synthesis in the brain, suggesting increased habenula activation (Roiser et al.,
2009).

Furthermore, LHb neurons projecting directly to VTA are glutamatergic and have an
aversive effect when activated. The mean frequency of miniature excitatory post-synaptic
currents (mEPSC) is larger in aLH and cLH rats than in wild-type rats (Li et al., 2011).
By stimulating electrically the LHb with successive pulses, helpless animals show a higher
decrease in the amplitude of EPSCs than control rats, reflecting higher presynaptic vesicle
depletion. Since more depletion correlates with higher release probability (Zucker and
Regehr, 2002), repeated stimulation in helpless animals depletes synaptic vesicles faster
suggesting that the LHb of depressed animals inhibits more efficiently the VTA.

In the LHbD of cLH rats, the beta form of the calcium/calmodulin-dependent protein
kinase type II (S-CaMKII) is up-regulated compared to control rats (Li et al., 2013).
Besides, antidepressant treatment reversing depressive symptoms of cLH rats down reg-
ulate fCaMKII in LHb. The overexpression of S-CaMKII in the LHb of wild-type rats
increased the immobility time in the forced swim test and also provoked anhedonia with
a reduction in preference for the sucrose solution. In addition, when using a kinase-dead
version of -CaMKII, wild-type rats did not present depressive-like behaviours. In the
same idea, by using RNA interference to knock down [-CaMKII protein in LHb of ¢cLH
rats, the immobility time in the forced swim test was reduced and the escape behaviour
in the learned helpless test was increased. In fact, up-regulation of S-CaMKII causes
more GluR1 insertion into synapses which increases synaptic efficacy. Thus, increasing
B-CaMKII in the LHb causes hyperactivity of neurons which leads to depression-like
symptoms, on the contrary, blocking 5-CaMKII, reverses the depressive symptoms (Li
et al., 2013). These results show that S-CaMKII levels act directly on synaptic plasticity
and appears as a post-synaptic molecular actor of major depressive disease.

2.3 Computational modelling overview

Integrate-and-fire models are the first models accounting for neural firing activity and
used in networks in the late 1930s (Cowan, 1988). However, the field of computational
neuroscience really started in 1952, with the paper of Hodgkin-Huxley and their model
on action potential formation and propagation in giant squid axon. In parallel, neural
networks models appeared such as firing-rate models (McCulloch and Pitts, 1943) and
mean-field models. From there, a large family of neural model was developed, such as
Izhikevich models or compartmental neural models.
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2.3.1 Integrate-and-fire model

The integrate-and-fire model is a very simple model of the neuronal voltage, proposed
by Louis Lapicque in 1907, it is still used in large neural network because of its low
computational cost. The principle is that if the current I is constant, then V() = ﬁt
until it reaches Vpeqr, where V' is set back to Vieser. It can be described with the current
voltage relation of a capacitor:

av) _
Cv g = 10) (2.1)
it v 2 ‘/peaka then V' < ‘/;'eset
Where V' is the membrane potential over time, I is the current applied to the neuron
over time, Cjs is the membrane capacitance, Vjeq; is the maximum voltage set to the
neuron and V... is the resting potential.

2.3.2 Hodgkin-Huxley model

The Hodgkin-Huxley model is a mathematical model describing how action potentials are

initiated and propagated (Hodgkin and Huxley, 1952). It treats neural components as

electrical elements through ordinary differential equations (ODE). It is the same equation

as integrate-and-fire models except that I, and I have dynamics explicitely describing

the action potential. In integrate-and-fire models the action potential is not described.
The expression of voltage depends on three currents, In,, I and [jeq.

av
Crv— = —Ina — Ik — Licak (2.2a)
dt
With Cyy = 1uF.cm™2, the membrane capacitance as in Hodgkin and Huxley (1952),
and the following expression of currents:

[Na = gNamSh X (V — ENa) (23&)
Ix = ggn*(V — Ex) (2.3b)
[leak — gleak(v - Eleak) (236>

To match their experimental data, Hodgkin and Huxley fitted data from the gi-
ant axion of squids and got the following parameter values for conductances: gy, =
120 mS.cm ™, gx = 36 mS.cm™>, ¢, = 0.3 mS.cm >, and for equilibrium potentials:
En, =50 mV, EFx = =77 mV, Ejq = —54.4 mV.

n, m and h are described with the following gating functions:

dn

i~ —an(V) x (1= 1) = (V) x n (2:40)
= = —an(V) X (L=m) = Ba(V) x m (2.4b)
= —an(V) % (1= h) = 5u(V) x I (240)
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with the rate equations:

V 4 55
(V) =001 s (2.50)
B(V) = 0.125eXp(—V;_065) (2.5b)
V4 40
an(V)=0.1 T~ exp(—L200) (2.5¢)
(V) = dexp(— ) (2.5d)
an(V) = 0.07exp(—v ;()65) (2.5e)
B(V) : (2.51)

1+ exp(—vlLo%)

The gating function describes equilibrium between open and closed forms of the cor-
responding ionic channels, and their voltage induced transitions.

2.3.3 Izhikevich neuronal model

In order to develop large neural networks, the model for a single neuron needs to be
both computationally simple and able to reproduce several realistic firing patterns. The
Hodgkin-Huxley is computationally too heavy, therefore, Izhikevich came up with lighter
spiking neuron models, it is an integrate-and-fire model, rendering neuronal properties
such as firing rate and spike pattern (Izhikevich, 2003). This model follows the two
following equations:

dv

P 0.04(V)2 +5V —u+ 140 + I + [*¥" (2.6a)
d

d—zf = a(bV — u) (2.6b)
. V+c
lfvzv;’eak{u%u—l—d} (2.6¢)

where, V' is the membrane potential, v is the membrane recovery variable, I°¥" is the
total synaptic current received, I is the external current applied to the neuron, Ve = 30
mV is the maximum voltage. Besides, a, b, ¢ and d are parameters set depending on
the brain region. For example, in the STN, a = 0.005, b = 0.265, ¢ = -65mV, d = 1.5
(Mandali et al., 2015).

2.3.4 Compartmental neural model: the dopaminergic neuron

Dopaminergic neurons are spontaneously firing (Grace and Bunney, 1984b) (Grace and
Bunney, 1984a) (Nedergaard and Greenfield, 1992). They deliver spikes either regularly,
or irregularly, forming a background activity, on which bursting pattern may be super-
posed (Celada et al., 1999), (Hyland et al., 2002). Sodium and potassium concentration
dynamics, modulated by channels, pumps or stimulation are the basis of the different
firing pattern (Yu et al., 2012) (Owen et al., 2013). The bursting activity of dopaminergic
neurons seems to be correlated to reward prediction error (Schultz, 2002) (see also part
2.1.1 on dopaminergic neurons and dopamine).

The pace-making activity is due to the interaction between ion channels. Regular
firing and bursting seems to be linked to slow calcium dynamics and can be modelled as a
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two components model with a Hodgkin-Huxley-type membrane model and a compartment
model for the neuronal cytosol (Amini et al., 1999). Furthermore, the spontaneous bursts
of midbrain dopaminergic neurons (VTA) depend on the activation of NMDA receptors
(Overton and Clark, 1997). Therefore, in a multi-compartmental computational model,
sodium dynamics would underlie slow oscillations which drives NMDA-bursting activity
(Canavier, 1999).

To model dopaminergic neuron and their bursting activity, one can use a coupled oscil-
lator model where the soma and the dendrites are different compartments, coupled electri-
cally and with different natural firing frequencies (Wilson and Callaway, 2000) (Medvedev
et al., 2003).

This compartmental model can be extended by adding dendritic AMPA or NMDA
synaptic conductance where the effect on the soma of the high-frequency oscillation of
the dendrites is amplified by NMDA receptor activation (Kuznetsov et al., 2006).

The dopaminergic neurons of the substantia nigra pars compacta receive inputs from
GABAergic neurons of the substantia nigra pars reticulata, the globus pallidus and the
RMTg, and from glutamatergic neurons of the subthalamic nucleus. A computational
approach with the model of Kuznetsov et al. (2006) (detailed below) and an integrate-
and-fire-based model of the basal ganglia (Humphries et al., 2006) shows that phasic
bursts in dopaminergic neurons of the midbrain (acounting for both VTA and SNc) can
be triggered by a phasic disinhibition (Figure 2.15) (Lobb et al., 2011).

Disinhibition model

THTTITJ S—

° Glu GABA

0
GABAergic

+ - neuron

L]

0 DA neuron

Figure 2.15: The disinhibition Bursting of Dopaminergic Neurons. In the disinhibition
model, the activation of NMDA receptors is continually suppressed by tonic activation
of GABAA receptors from a GABAergic neuron. Phasic inhibition of this GABAergic
neuron by a secondary GABAergic source evokes phasic bursting in dopaminergic neurons.
Reward is received at time 0 (Lobb et al., 2011).

The following equations detail the compartmental dopaminergic model defined by
(Kuznetsov et al., 2006).

Initial conditions, parameter values, and descriptions are given in the table A.2 and
the table A.3. The equation of the soma’s voltage V) follows a Hodgkin-Huxley like model
(see section 2.3.2) with additional currents (Ca, KCa, K current voltage-dependent):

dV/ .
d_tl = i1+ goa, (V1) X (Eca = V1) + 9kea, (01) X (Ex = V1) + 9K, (V1)
X (Ex = Vi) + 9ie, (n1) X (Ex — V1) + g1, X (B, — V1) (2.7)
rirs
r? + 13

+ nany, (Vi 1) X (Bva = Vi) 4 nd x ge x (Vo = A)

Then, the concentration of calcium:
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duy buf; Eco = Vi w
— =20x — wV)——— — — 2.8
di X " X (90 1( 1) H t01 ( )
The activation variable for the delayed rectifier:
dn
d—tl = ap, (V1) X (1.0 = ny) = Bu, (V1) X 0y (2.9)
The sodium inactivation variable:
dhy
% = ozhv(Vl) X (10 — hl) — Bhv(‘/l) X hl (210)

As previously described for the soma, we have the equivalent set of equation for the
dendrites.

dV:
i = 90m (V) X (Eca = Vo) + grce,,, (u2) X (Bx = Va) + gre,, (V2)

X (Ex = Va) + K, (n2) X (Ex = Va) + g1, X (Er, — V2) (2.11)

rr '
+ 9Nay,, (Va, ha) x (Eng — Vo) 4+ ge x (Vi = V3) X 21—22 + gNMD Ay,
h ri+ry

X (Enmpa = Va) + ganpa X tnmpa X (Bampa = Va) + loapa,,,
dusy buf; Eco — Vo g
— =2, S a _— - = 2.12
2 =20 x 20 (g (1) x 2 - 22 ) (2.12)
d?’LQ
- = py (V2) X (1.0 — ng) — By, (Va) X g (2.13)
dh
d—; = apy, (Va) X (1.0 = hy) = By, (Va) X hy (2.14)

The set of functions associated with concentration of calcium, the delayed rectifier and
the sodium inactivation are of the Hodgkin-Huxley type:

V+5.0
Uy, (V) = =32 x 1073 x tk x (2.15a)
v exp(—5522 — 1.0)
10.
B (V) = 0.05 x tk x exp(—%) (2.15b)
V4310

my (V) = —0.32 x 2.15

«Q V( ) eXp(_% o 10) ( C)
V+4.0
my (V) = 0.28 x 2.15d
By (V) G Ty (2.15d)
: Ay (V)
minfy (V) = L (2.15e)
V) e V) + B )
47.
ap, (V) =0.2 x th x exp(——v :_8 07 O) (2.15f)
th

V) =25.0 x 2.15

ﬂhv( ) 1.0—}—8Xp(—%) ( g)
The sodium and potassium conductances are given by:
gnaty, (V1) = Grarya, X (minfy (V))? x h (2.16a)
9K2, (TL) = Gbary- X TL4 (216b)
Gbar

V) = 2.16

gr1, (V) 10+ exp(—vgngk) ( c)
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gnmpay (V) is the voltage-sensitive NMDA conductance density:

_ ENMDA X Gbaryaipa + Gbarynipac (2 17>
1.0+ 0.28 x Mg x exp(—me x V) '

gnmpay, (V)
gca, (V) is the voltage-sensitive calcium conductance:
9Cay (V) = Obarcqs X CSian(V)4 (218)

with ¢y, defined as:

aclv(v)
Aely, (V) + 661\/ (V)

Furthermore, a.,, (V') depends on a threshold; if abs(V + 50) > 107°

cSingy (V) = (2.19)

V +50.0
ery (V) = =3.2 x 10 tsc 2.20
(V) eXp(——VJg?OO'O —1.0) ( )
otherwise,
ey, (V) = 0.016 X tsc

V +55.0

Be1, (V) = 0.05 x tsc x exp(—+—) (2.21)
40.0
IKca, (u) is the calcium-dependent potassium conductance:
u

9Kcar, (u) = Obargxcar X m (2'22)

Values were taken from (Kuznetsov et al., 2006) and (Lobb et al., 2011), see table A.3
for parameters values and table A.2 for intial conditions.

2.3.5 Firing-rate model

One way to model large networks of neurons is to use simplified neurons. Instead of
modelling each neuron with their spiking, firing-rate models track the averaged behaviour
of neurons groups spike rates (Ermentrout and Terman, 2010). These models are also
called population models since they can represent whole populations of neurons rather
than single cells. Firing-rate models are useful in terms of computational efficiency but
also to account for experimental preparations measuring the probability of firing with
extracellular electrodes. Also, field potential recordings, electroencephalograms and func-
tional magnetic resonance imaging record large population of neurons, better represented
with population equations (Gerstner and Kistler, 2002).

TdTC;Et) = —ri(t)+ F(Z i (t) X w ) (2.234)
1
Flz) (2.23D)

Tl exp(—c X 1)

Where F' is a non-linear function, for example, one of the most commonly used F
function is a sigmoidal function and where r; and r; are the firing activity of, respectively,
neuron ¢ and j, wj is the weight of each connection from other neurons j and c is a
constant that sets the slope of the sinusoidal function.
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2.3.6 Mean-field model

Mean-field models consider a large number of individuals in interaction. The effect of all
the other individuals on any given individual is approximated by a single averaged effect,
thus reducing a many-body problem to a one-body problem (Gerstner and Kistler, 2002).
This simplification allows computational efficiency while being quite realistic by keeping
statistical features of the population activity. As an example, in the previous equation of
the firing-rate model, 7;(¢) can be replaced by its means over all neurons, 7(¢):

Tdrd;it) = —rilt) + F(3_ri(t) x w ) (2.24a)

the mean-field approximation supposes the following equivalence:

n

D i) X wgy Y i) X Y wiy)
j=1 j=1

7=t . (2.25a)
j=1
because 7(t) = = 3 r;(t)
j=1
and finally gives the following equation:
d’f’i (t) _ -
T = —it) + T F (Y wey) (2.26a)
j=1

where n is integrated in the definition of F'.

2.4 Astrocyte and potassium

The tripartite synapse is a system involving the neuron, the astrocyte and the extracel-
lular space (Perea et al., 2009). Two neurons are connected through their synapse, the
space between the pre-synaptic and the post-synaptic synapses is the extracellular space
and this connection can be wrapped by the astrocyte (see Figure 2.17), thus forming a
tripartite synapse. In the next sections, we will focus on the astrocyte role to modulate
the extracellular potassium released by the neuron.

2.4.1 Astrocyte

The astrocytes belong to the family of glia cells, found in all areas of the brain and
constituting around half of the brain cells (Kandel et al., 2013). The early discovered
cells looked star-shaped to their observers, after which astrocytes have been named, how-
ever, the majority of them have more sponge like shape. The astrocytes enfold blood
vessels and hence, play major roles in nurturing neurons. Besides they regulate ion and
neurotransmitters concentrations in the extracellular space. Indeed, because of the high
concentration of K+ channels in their membrane, they can buffer potassium spatially,
released by firing neuron into the extracellular space, by moving it at distant contact.
Moreover, contacts between astrocytes and neuron are more often observed on the neural
synapse and little is known on contacts of the astrocyte with neural soma (Cui et al.,
2018).
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Furthermore, astrocytes also recycle the glutamate released by neurons. In the glial
cell, glutamate is converted to glutamine and then transferred to neurons, where it serves
as an immediate precursor of glutamate. Besides, glutamate binding to glial receptors
increases the intracellular free calcium concentration and since astrocytes are connected
to neighboring astrocytes through gap junctions, it creates a wave of calcium spreading
in the astrocyte network and modulating neuronal activity. The astrocytes are also in-
volved in the development of synapses, for example, they secrete thrombospondins that
induce the formation of new synapses. Finally, they protect other cells from the effects
of oxidative stress by detoxifying toxic oxygen-free radicals during neuronal inflammation
and degeneration (Kandel et al., 2013).

In the next sections, I will focus on the potassium uptake function of the astrocyte.

2.4.2 Passive ion diffusion

Ions can diffuse through a membrane with channels, it is a passive ion diffusion since it
does not require ATP, compared to pumps. This passive transport can be described by
the Nernst equation that defines the expression of the electrochemical potential ji,+

out—rin

) RT . K,
fact, =V~ In( K;) (2.27)

with R = 8.314 Jmol~*. K, the gas constant, T' = 308 K, the temperature, F' = 96.4
kC.mol™', the Faraday constant, K;. and K ,, the concentrations in mM of potassium,
respectively in and out, of the cell in question, and V', the membrane voltage in mV.

The value of the electrochemical potential results from the balance between the action
of the chemical gradient and the action of the electrical gradient on the ion considered.

Besides, by convention, if the electrochemical potential, ji,+ s is positive, Kt exits the

ut—rin

cell and if it is negative, K enters the cell.
Thus, if we consider Ex, the equilibrium potential associated with potassium, as:

RT . K},
we get:
gt =V - Eg (2.29)

out—rin

In normal resting condition, the concentration of potassium inside both the neuron
and the astrocyte is K. ~ 135.0 mM and the concentration of the extracellular space is
K}, ~ 3.5 mM. According to this data, equation (2.28) gives Fr ~ —97 mV.

Moreover, experimental measurements give respectively V' ~ —70 mV for the neuron,
and V ~ —80 mV for the astrocyte, thus, at rest, K+ are exiting the cell for both the
neuron and the astrocyte because V' > Ey, so figr > 0. Therefore at rest, K, is
extruded from ion channels in neurons and astrocytes.

However, because of the neuron firing, each spike releases some potassium into the
extracellular space and K, increases, and hence, Ej also increases (it becomes less
negative). In the case of the astrocyte, which is more hyperpolarised than the neuron,
this increase of Fx coupled to a more negative resting V' can yield V < FEg. At that

point, K ions are entering through ion channels the cell because i Kf, . < 0 (Figure
2.16, between the extracellular 1 and the astrocyte).

This alternation of the direction of passive transport is involved in spatial buffering
(Figure 2.16). Spatial buffering is a mechanism which removes K+ from regions with
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high concentration to spread it to regions with low concentration. For example, Muller
cells, the main glial cells in the retina, play this role (Karwoski et al., 1989) (Kofuji and
Newman, 2004). Besides, this process appears to be less costly in ATP for glia cells than
for neurons (Amédée et al., 1997).

Neuron Astrocyte
Extracellular1 Extracellular2

135 mM [3.5, 7] mM 135 mM 3.5 mM
> —+>

K+ K+ K+
-—80 mV

\ J

HE+=[+27, +8] mV HK+=[+17,-2]mV HK+=+17 mV

Figure 2.16: Scheme of potassium spatial buffering from the extracellular space 1 to the
extracellular space 2 through the astrocyte. In red are the potassium concentrations and
fluxes, in green are the voltage values. ji,+ are calculated between two compartments.

out—rin

2.4.3 Astroglial Kir4.1 channel

Inwardly rectifying K (Kir) currents have been discovered in skeletal muscles (Katz,
1949). Their transport rate seems to depend more on the membrane voltage than pre-
dicted by the Nernst equation (Hibino et al., 2010). Therefore, at potentials more negative
than Ef, Kir channels permit faster current flows than at potentials more positive than
Erx (Hagiwara and Takahashi, 1974) (Sakmann and Trube, 1984).

In sheep cardiac cells, the inwardly rectifying K channels are controlled by a gating
mechanism. During hyperpolarization, time- and voltage-dependent inactivation of the
gating mechanism can be due to the binding of external Na, Ca or Mg to the channel
(Carmeliet et al., 1987). The conductance of Kir current is proportional to the square
root of K extracellular concentration in the membrane of starfish egg cell (Hagiwara and
Takahashi, 1974) in ventricular cells from guinea-pig heart (Sakmann and Trube, 1984)
or in embryonic chick ventricle cells (Mazzanti and DeFelice, 1988).

In addition, Kir channels have been found in different kinds of cells including glial
cells (Hibino et al., 2010). The astrocyte seems to be a major actor in the modulation of
the excitability and the transmission of the neuron (Fiacco and McCarthy, 2006). Due to
its strong conductance to potassium, the astrocyte is very sensitive to changes in extra-
cellular potassium levels (Dallérac et al., 2013) (Olsen et al., 2006). The balance between
potassium influx and outflux determines the resting membrane potential in microglial and
astrocyte cells in rat (Chung et al., 1999). Besides, when blocking Kir4.1 channels with
barium, a selective blocker of Kir channels (Ransom and H, 1995) (D’Ambrosio et al.,
2002), glia cells are highly depolarized (Djukic et al., 2007) (Figure 2.17).

Thus, the astrocyte uptakes the extracellular K+ released by discharges of the neuron
(Amzica et al., 2002). This K spatial buffering is possible through Kir channels (Oak-
ley IT et al., 1992) (Olsen et al., 2006) and the first identified one is the Kir4.1 (Takumi
et al., 1995).
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Figure 2.17: Localization of astroglial Kir channels and contact with neural soma, synapse
and blood vessels.

Even if, in the rat hippocampus, Kir channels clearance seems to be minor compared to
Nat /K" ATPase (Xiong and Stringer, 2000), in ex vivo experiments of Kir4.1 knock-out
mice, the regulation of extracellular K is less efficient than in wild type mice (Haj-Yasein
et al., 2011) (Bay and Butt, 2012) suggesting that the Kir4.1 has a major role in clearance
of extracellular potassium.

Moreover, in Huntington’s disease, the expression of Kir4.1 channel functional is de-
creased and this decrease seems to elevate in vivo striatal extracellular K and increase
MSN excitability in vitro (Tong et al., 2014). When Kir4.1 function is restored with
a viral delivery of Kir4.1 channels, this leads to a normalized extracellular K+. How-
ever, the majority of published models make this hypothesis. In most cases, it has small
consequences because K presents small variations but to study Kir and the change of
extracellular K, this hypothesis is not valid.

2.4.4 Computing dynamic potassium

The use of Hodgkin-Huxley model (see section 2.3.2) assumes that the intra- and extra-
cellular ion concentrations of sodium and potassium are constant. The validity of this
assumption in the mammalian brain is not that clear (Cressman et al., 2009) (Ullah
et al., 2009). Thus, Cressman et al. (2009) computed the concentration of extracellular
potassium, K,,;, over time:

d Kou
{ — d_ —0.3315 — 28 Lyump — Lgiia — Luiss (2.30a)
Cal;
I = — 1y JanplCdli (o oy 2.30b
o= = (a4 25 (i)~ grnV Vi) (2300
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where the factor 0.33mM.cm?. pcoul™" converts current density to rate-of-change of
concentration [x is the current associated to potassium, the factor [ corrects for the
volume fraction between the interior of the cell and the extracellular space when calcu-
lating the concentration change, I, is the current associated to Na/K pumps, Iy, is
the current associated to the capacity of glial cells to remove excess potassium from the
extracellular space, I4;¢s is the current associated to the diffusion of potassium away from
the local extracellular space.

Then, in Iy equation, gagp is the conductance of afterhyperpolarization current,
[Ca); is the intracellular calcium concentration over time, V is the voltage, gk is the
conductance of potassium leak current

Here, instead of using a constant Ex, as in the Hodgkin-Huxley model, the Nernst
equation is updated dynamically with Vi over time, with [K;], the intracellular potassium
concentration. g¢g, is the calcium conductance and Vg, is the reversal potential of cal-
cium. Similarly, Cressman et al. (2009) used equations to compute [Nal;, the intracellular
sodium concentration.

Therefore, the authors of this model could show that this model presents slow and
large-amplitude oscillations in ion concentrations, similar to what is seen physiologically
in seizures (Cressman et al., 2009) and periodic stimulation in the model could prevent
them (Owen et al., 2013). Moreover, in the model, glia is involved in excitability of
neurons (Ullah et al., 2009) and can exhibit periodic bursting (Barreto and Cressman,
2011). Hence, removing this assumption on potassium and sodium dynamics brought new
insight on the role of astrocytes to shape neuronal activity.

With a similar Hodgkin-Huxley model with dynamic potassium and sodium concen-
trations Tagluk and Tekin (2014) created a neural network showing that potassium con-
centration significantly shape action potentials of the network, through their form, their
regularity, and their synchrony. Another model developed by Hiibel and Dahlem (2014)
distinguished three distinct slow time scales, determined, respectively, by the cell volume-
to-surface-area ratio and the membrane permeability (seconds), the buffer time constants
(tens of seconds), and the slower backward buffering (minutes to hours).

However, in all these models, even if potassium and sodium are fluctuating, the effect
of astrocytes, known to be involved in potassium dynamics, has not been tested.

2.4.5 Computational modelling approaches of tripartite synapse
and astroglial Kir4.1 channel

Computational models involving Kir current confirm that Kir can act as a buffer for
extracellular K and influence the membrane potential at rest, like in mouse muscle fiber
(Siegenbeek, 1994) or simulate seizure discharges and spreading depression in a Hodgkin-
Huxley like hippocampal pyramidal cell model with an interstitial space and surrounding
glia (tripartite model) (Kager et al., 2000) (Kager et al., 2007).

Inspired from the previous model, other tripartite models show that Kir currents are
involved in neuron-glia interactions by influencing the firing pattern (Somjen et al., 2008)
and the extracellular potassium homeostasis (Sibille et al., 2015).

Besides, its relevance during neuronal activity, a mathematical analysis shows that K
uptake by glial cells has an impact on the neural resting membrane potential, and the ori-
entation of this impact depends strongly on the parameters values of their formula (Noori,
2011). Furthermore, at the scale of the network, sodium and potassium concentrations
influence directly the shape, the regularity and the synchrony of the network-generated
spikes as shown in a Hodgkin-Huxley model-based cortical network (Ullah et al., 2009)
(Tagluk and Tekin, 2014).
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Hence, these models support the idea that Kir channels expression influence the neural
membrane potential through the regulation of extracellular potassium concentration.

2.5 Synaptic plasticity

In the following sections, we copied parts directly from a review on the modulation of the
spike-timing dependent plasticity that we are currently submitting.

2.5.1 Spike-timing-dependent plasticity (STDP)

Spike-timing-dependent plasticity (STDP) is a Hebbian synaptic learning rule accounting
for experience-dependent changes in neural networks. This synaptic rule has been explored
in different cerebral structures, for different neuronal types and for different species, and
displays numerous forms. These different forms rely on long-term plasticity expression
(depression or potentiation), expression temporal windows of this plasticity and signaling
pathways involved.

Canonical STDP is bidirectional and hebbian; i.e. post-pre pairings (Atsrpp < 0)
repetition drive timing-dependent long-term depression (tLTD) and pre-post pairings
(Atsrpp > 0) repetition drive timing-dependent long-term potentiation (tLTP). This
plasticity is expressed in the narrow temporal window (10-100 ms); when pre- and post-
synaptic activities are uncorrelated, no long-term synaptic change is observed (Bi and
Poo, 1998; Markram et al., 1997). Hebbian STDPs have been observed in the neocor-
tex (Feldman, 2000; Markram et al., 1997; Nevian and Sakmann, 2006; Sjostrom et al.,
2001), the hippocampus (Bi and Poo, 1998; Nishiyama et al., 2000; Wittenberg and Wang,
2006), and the striatum (Fino et al., 2008, 2009). In opposition to hebbian STDPs, bidi-
rectional and anti-hebbian STDPs induced tLTP with post-pre pairings and tLTD with
pre-post pairings repetition. A pioneer STDP study has described this synaptic plasticity
in cerebellum-like structure of electrical fish (Bell et al., 1997). These STDP has been
observed, more recently, in the striatum (Cui et al., 2015; Fino et al., 2010, 2005; Paille
et al., 2013; Schulz et al., 2010) or in the somato-sensory cortex for instance (Letzkus
et al., 2006).

Another kind of anti-hebbian STDP induced solely t-LTD and are named unidi-
rectional and anti-hebbian (Han et al., 2000; Requarth and Sawtell, 2011; Zhao and
Tzounopoulos, 2011). Overall, these STDP are asymmetric with a wider tLTD tem-
poral window for pre-post pairings. These STDP have been observed in the neocortex
(Lu et al., 2007), in the dorsal cochlear nucleus (Tzounopoulos et al., 2004) and in the
somatosensory cortex (Egger et al., 1999).

2.5.2 The molecular pathways of STDP

Spike-timing dependence of plasticity can be categorized into two distinct molecular sys-
tems of coincidence detectors (Feldman, 2012). First system has been investigated in
hippocampal CA1 neurons (Campanac and Debanne, 2008), neocortical 1.2/3 pyramidal
cells (Nishiyama et al., 2000; Froemke et al., 2005), striatal spiny projection neurons (SPN)
(Pawlak and Kerr, 2008), and gabaergic striatal interneurons (Fino et al., 2008). The first
system comprises of just one coincidence detector, the NMDA receptor (NMDAR). Both
spike-timing dependent potentiation (t-LTP) and spike-timing dependent depression (t-
LTD) depend on NMDAR activation and calcium influx through the VGCCs. Second
form of STDP, found in (Sjostrom et al., 2003; Bender et al., 2006; Nevian and Sakmann,
2006; Corlew et al., 2007), cholinergic striatal interneurons (Fino et al., 2008), SPNs
in the striatum (Fino et al., 2010), comprises of a NMDAR-dependent potentiation and
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mGluR- and /or CB1R~dependent depression. The mGluR-CB1R-dependent form of LTD
is independent of postsynaptic NMDARs, but often depends on activation of presynaptic
NMDARs (preNMDARs) (Sjostrom et al., 2003; Bender et al., 2006; Corlew et al., 2007).
Recently a third, endocannabinoid-dependent form of bidirectional STDP was discovered
in SPNs (Cui et al., 2015, 2016). Endocannabinoid-dependent t-LTP is induced by a low
number of pairings (10, for more than 75 pairings t-LTP is NMDAR-dependent), requires
TRPVIR activation (Cui et al., 2015) and presynaptic PKA and calcineurin recruitment
(Cui et al., 2016).

One of the most popular parts of the brain for investigation of synaptic plasticity is the
CA3 pyramidal neuron to CA1l pyramidal neuron synapse (Schaffer collateral synapse).
Even though the largest bulk of studies have explored rate-dependent synaptic plasticity,
there is a substantial number of studies investigating Hebbian, bidirectional STDP. For
this type of plasticity the NMDA receptor serves as the coincidence detector for both po-
tentiation and depression (Campanac and Debanne, 2008), therefore calcium amplitude
determines plasticity direction (Lisman, 1989). For Pre-Post pairings, when the presy-
naptic activity precedes the back propagating action potential (bAP), the EPSP coincides
with the bAP resulting in high, supralinear calcium influx through the NMDAR and volt-
age dependent calcium channels VDCCs (particularly L-type (Kim and Li, 2015; Pawlak
and Kerr, 2008)) and t-LTP. For Post-Pre pairings, when the bAP precedes the presy-
naptic activity, calcium influx through the NMDARs and VDCCs is lower and sublinear
(Magee and Johnston, 1997; Koester and Sakmann, 1998; Nevian and Sakmann, 2006)
and as a result induces t-LTD.

Supralinear calcium elevation necessary for t-LTP can be caused by a number of
molecular mechanisms. EPSP causes inactivation of the A-type K4 channels, possibly
by a mitogen-activated protein kinase (MAPK) dependent mechanism (Watanabe et al.,
2002) and, as a result, boosts calcium influx during the bAP. EPSPs activate sodium
channels eliciting dendritic sodium spikes, which generate a brief temporal window for
calcium influx (Hoffman et al., 1997; Stuart and H&usser, 2001; Kim and Li, 2015). A
short positive interval between glutamatergic input and depolarization, which removes
the Mg-block of the NMDARs, maximizes the NMDAR-current (Kampa et al., 2004).
AMPAR-mediated EPSPs coinciding with bAPs provide a local depolarization, which
results in supralinear calcium transient summation (Fuenzalida et al., 2009; Holbro et al.,
2010).

EPSP following the bAP coincides with the more modest bAP-caused afterdepolar-
ization. As a result calcium influx is only slightly higher than at rest (Karmarkar et al.,
2002). At hippocampal Schaffer collateral synapses bAP triggers calcium influx that
might cause calcium-dependent inactivation of the NMDARs (Rosenmund et al., 1995),
lowering NMDA-dependent calcium transients following the bAP. This calcium-dependent
NMDAR inactivation is mediated by phosphatase 2B (PP2B, calcineurin) (Tong et al.,
1995). Another mechanism controlling calcium influx into the dendritic spines is provided
by small conductance potassium channels (SK-channels). Calcium elevation activates
SK-channels and causes hyperpolarization and consecutive inhibition of VDCCs and re-
duction of NMDAR-dependent calcium-transients (Ngo-Anh et al., 2005; Bloodgood and
Sabatini, 2007). Even though calcium influx through NMDARs alone can activate SK-
channels in CA1 pyramidal cells (Wang et al., 2015; Jones et al., 2017) due to NMDAR
and SK-channel colocalization within the PSD (Lin et al., 2008), t-LTP induction in-
hibits SK-channels via a CaMKII-mediated mechanism and PKA-mediated endocythosis
of SK-channels (Lin et al., 2008). In contrast to the hippocampal CA1 neurons, in the neo-
cortex NMDAR-mediated calcium transients do not activate SK channels (cortical layer
2/3 and 5 pyramidal neurons (Jones et al., 2017). Only the higher amplitude calcium
transients accompanying the bAPs activate SK channels and hence gate STDP in cortical
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pyramidal neurons (Jones et al., 2017). Lin et al. (2008) showed that t-LTP at Schaffer
collaterals is CaMKII-dependent, but not PKA-dependent. There is also experimental ev-
idence of mGluR1-dependence of t-LTP (Tigaret et al., 2016). mGluR1 activation during
t-LTP induction inhibits SK-channels possibly by a mechanism similar to M1-receptor
mediated inhibition of SK-channels (Tigaret et al., 2016), as both M1R and mGIluR1
are Gg-coupled. Carlisle et al. (2008) showed that two scaffolding proteins, PSD-93 and
PSD-95, both play an important role in AMPA receptor trafficking and formation of
NMDA receptor-associated signaling complexes involved in synaptic plasticity. As a re-
sult knocking-out PSD-93 disrupted t-LTP, whereas knocking-out PSD-95 disrupted LTD
and AMPA receptor-mediated transmission.

Experimental findings concerning molecular pathways underlying spike-timing dependent-
plasticity in spiny projection neurons, a major group of striatal output neurons, paint a
very complicated picture. First of all, blocking gabaergic transmission transforms corti-
costriatal plasticity from Hebbian to anti-Hebbian (Paille et al., 2013). Secondly, exper-
iments indicate a presence of 3 distinct systems of coincidence detectors. In addition to
endocannabinoid-dependent bidirectional plasticity exhibited by SPNs (Cui et al., 2015,
2016), most studies indicate that corticostriatal hebbian t-LTP requires NMDA receptor
activation (Pawlak and Kerr, 2008; Fino et al., 2010; Shen et al., 2008; Yagishita et al.,
2014). Coincidence system of corticostriatal hebbian t-LTD depends on the induction
protocol. Pawlak and Kerr (2008) reported dependence on NDMAR activation, whereas
other studies (Fino et al., 2010; Shen et al., 2008; Cui et al., 2015) showed mGluR1 and
eCB-dependence. For mGlurl-dependent LTD (Fino et al., 2010) PLCJ serves as a co-
incidence detector, which is activated by both glutamate and postsynaptic calcium and
t-LTD is blocked by BAPTA when IP3R~gated calcium stores are depleted or unavailable.
PLCg and IP3 receptors activate retrograde endocannabinoid signaling, which is also re-
quired for t-LTD (Fino et al., 2010; Cui et al., 2015, 2016). Presynaptic eCB1R activation
lowers the release probability depressing synaptic transmission (reference) . This form of
plasticity is also D2R-dependent (Cui et al., 2015). Both NMDAR-dependent and eCB-
dependent t-LTD (Pawlak and Kerr, 2008; Cui et al., 2015) require D1/D5R activation.
Pawlak and Kerr (2008) and Yagishita et al. (2014) (t-LTP only) showed that time-course
of bidirectional STDP is modulated by dopamine D2 receptors (D2R activation (t-LTD
onset was more immediate, t-LTD onset was delayed)).

Spiny projection neurons can be divided into two groups: D1R expressing direct path-
way SPNs (dSPNs) and D2R expressing indirect pathways SPNs (iSPN). The activation
of D1 receptors coupled to Golf increases cAMP levels whereas the activation of D2Rs
Gi/o-coupled decreases cAMP levels. It has also been shown that D1R activation attenu-
ates both synaptic- and action potential-evoked calcium influx into dendritic spines via a
PKA-dependent regulation of NMDARs. Activation of A2ARs counteracts this effect and
enhances calcium influx into dendritic spines (Higley and Sabatini, 2010). Corticostriatal
t-LTD of dSPNs, requiring blocking of D1/D5R, does not depend on the causality of the
paradigm (Shen et al., 2008, 2015) and is inhibited by muscarinic M4 receptor antagonists.
dSPN t-LTD also depends on mGlur5, RGS4 (Shen et al., 2015) and eCB1R activation
(Wei et al., 2015). The iSPN t-LTD is blocked by D2R inhibitors and transformed to t-
LTP by blocking of D2R and A2 adenosine receptors (A2aR) (Shen et al., 2008). Blocking
A2aR and activating D2R transforms t-LTP to t-LTD (Shen et al., 2008). Downstream
the NMDA receptor t-LTP of dSPNs depends on CaMKII, PKA, and DARP32 activation,
protein synthesis (Yagishita et al., 2014) and MEK activation (Shen et al., 2015).
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2.5.3 Neuromodulation of STDP

Neuromodulators such as dopamine, acetylcholine or noradrenaline and molecules such
as GABA, brain-derived neurotrophic factor (BDNF), NO or endocannabinoids, plays an
important role in synaptic plasticity regulation (Figure 2.18). However, the dynamic of
this neuromodulation is about seconds or even minutes whereas STDP is taking place
at the scale of milliseconds. This apparent discrepancy could be revised, for example,
from the perspective of a learning system that would need to link recorded information
(memory) with a value scale (a system of reward and punishment). Indeed, an individual
acting on its environment needs to learn how to discriminate actions leading to reward
from those leading to punishment, both possibly occurring seconds, minutes or even hours
after the taken action. A system of memory and learning based only on the timescale of
STDP would miss this essential information. Thus, one role of neuromodulation would be
to link STDP and a system of reward and punishment, forming the basis of the learning
system. In this context and depending on the brain regions, the next part will present
how dopamine and endocannabinoids molecules modulate the induction, the orientation
or the timing of the synaptic plasticity.
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Figure 2.18: (a) Changes in the EPSPs elicited by pairing with different time delays after
perfusion of dopamine (Zhanga et al., 2009) and (b) is the scheme of pre and post-synaptic
components with the corresponding signaling pathways. (c) Changes in the EPSPs (30
min after conditioning) elicited by pairing with different time delays after 10 min perfusion
of f-adrenergic and M1 muscarinic agonists (Seol et al., 2007) and (d) is the scheme of pre
and post-synaptic components with the corresponding signaling pathways. (e) Changes
in the EPSPs elicited by pairing with different time delays after a blockade of GABA 4
receptors (Paille et al., 2013) and (f) is the scheme of pre and post-synaptic components
with the corresponding signaling pathways.
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Dopamine

First, dopamine receptors are G-protein-coupled receptors (GPCRs) with seven trans-
membrane domains. GPCRs are mainly slow, metabotropic receptors that functionally
modulate other receptor systems and /or ion channels (Lachowicz and Sibley, 1997; Missale
et al., 1998) without inducing large postsynaptic current (Yang and Seamans, 1996). In
the central nervous system (CNS), dopamine can interact with five receptors subtype:
D1R, D2R, D3R, D4R and D5R. These dopaminergic receptors are classified into two
families based on their G-protein coupling. Thus, the Gs-, Gg- or Golf-coupled D1 fam-
ily includes D1R, D5R and the Gi/o D2 family includes D2R, D3R, D4R (Jackson and
Westlind-Danielsson, 1994; Lachowicz and Sibley, 1997; Missale et al., 1998; Zhuang et al.,
2000; Jin et al., 2001; Kimura et al., 1995; Sidhu and Kimura, 1997). D1/5 receptors ac-
tivate cAMP and/or IP3 second messenger pathways, which lead to a cascade of intracel-
lular signaling encoding membrane proteins and enzymes, to mediate long-term changes
in intrinsic plasticity, and ionotropic and metabotropic glutamate receptors, to mediate
changes in synaptic plasticity. D2 class receptors suppress cAMP synthesis and can also
transactivate a platelet-derived growth factor to initiate intracellular Ca2+ release, stim-
ulating calmodulin to inactivate NMDA receptors (Kotecha et al., 2002; Wang et al.,
2003).

In culture, the STDP occurring at synapses of CAl pyramidal neurons in the rat
hippocampus is bidirectional and hebbian, meaning that repetition of pre-post sequences
induces t-LTP whereas repetition of post-pre induces t-LTD (Zhanga et al., 2009). How-
ever, this STDP can be modulated by addition of exogenous dopamine in the bath, which
enlarges the temporal window of t-LTP, transforming bidirectional STDP in unidirectional
STDP, shifted toward t-LTP (pre-post sequences and post-pre sequences result both in t-
LTP). Furthermore, addition of exogenous dopamine, in slices, causes also a reorientation
of t-LTD into t-LTP (Brzosko et al., 2015).

This reorientation depends on the activation of D1-type dopaminergic receptors but it
is independent of D2-type dopaminergic receptors (Zhanga et al., 2009). Indeed, addition
of sucrose, in slices, diminishes the dopamine concentration and prevents induction of t-
LTP, in response to STDP protocol (Edelmann and Lessmann, 2011). However, injecting
dopamine, in addition of sucrose, activates D1 dopaminergic receptors, permitting to mod-
ulate back-propagation properties of action potentials and to restore t-LTP in response
to STDP (Edelmann and Lessmann, 2011). Besides, subsequent DA application changes
also acetylcholine-facilitated synaptic depression into potentiation and the effect of DA is
irrespective of the precise spike order. It is mediated, at least in part, via the activation
of the cyclic adenosine monophosphate (cAMP) signaling cascade (Brzosko et al., 2017).

Still in the hippocampus, the activation of D1 and D5 receptors (D1R and D5R) is
also required for the induction of t-LTP at the synapses between the mossy fiber pathway
and the dentate gyrus cells (Yang and Dani, 2014). Indeed, the inactivation of potassium
currents IA by DI1R and D5R makes these neurons more excitable, thus, in presence of
dopamine, the amplitude of the back-propagating action potential rises and, consequently,
the induction threshold of t-LTP is reduced (Yang and Dani, 2014).

Altogether, these results in hippocampus suggest a particular form of plasticity rule
with, at least, 3 main components: the pre- and post-synaptic inputs and also, reward
signals through dopamine release. With this system, DA signal, induced by unexpected
and rewarding events, allows to extend LTP induction temporal window. And thus, any
pre-synaptic activity occurring concomitantly with post-synaptic activity (regardless of
temporal order) is more susceptible for potentiation.

The striatum is strongly modulated by dopaminergic inputs from the substantia ni-
gra pars compacta (SNc). The striatal output neurons (the medium-sized spiny neurons,
MSNs) belong either to the direct either indirect trans-striatal pathways (Gerfen and
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Surmeier, 2011; Calabresi et al., 2014) regarding basal nuclei targeted. These two MSN
subpopulations also show different neurochemical identity since direct MSNs (dMSNs) ex-
press the dopaminergic receptor D1R and indirect MSNs (iMSNs) express the dopamin-
ergic receptor D2R in mice (Matamales et al., 2009). In anesthetized rats, the induc-
tion of cortico-striatal STDP, which is bidirectional and anti-hebbian, necessitates phasic
dopaminergic release (Schulz et al., 2010). In vitro, two studies focusing on dopaminergic
modulation have shown that cortico-striatal STDP is bidirectional and hebbian (Pawlak
and Kerr, 2008; Shen et al., 2008) when GABAergic transmission is inhibited (cf GABAer-
gic modulation). In GFP transgenic mice, Shen et al. (2008) observed that cortico-striatal
t-LTD in iMSNSs requires D2R activation whereas cortico-striatal t-LTP in dMSNs requires
DIR activation. However, in rats, Pawlak and Kerr (2008) described that both t-LTD
and t-LTP requires D1R, and no D2R, activation. In the basal ganglia and especially at
striatum level, dopaminergic release is linked to associative learning and habit formation
(Shen et al., 2008). However, all these publications show variation in results underlying
the complex role of dopamine on the two trans-striatal pathway modulation and hence,
on the basal ganglia output modulation. In the prefrontal cortex, dopamine permits the
induction of t-LTP (for a repetition of pre-post sequences) at cortico-cortical synapses of
pyramidal cells of layer 5 (Xu and Yao, 2010). This t-LTP is directly dependent upon
activation of D1 dopaminergic receptors expressed by post-synaptic neuron and indirectly
upon D2 dopaminergic receptors expressed by surrounding GABAergic interneurons. The
activation of D2 receptors allows to block inhibition of GABAergic interneurons and lets
emerge t-LTP with pre-post interval up to 10 ms. Besides, by combining activation of
D2 receptors with the one of D1, this temporal window of t-LTP can extend to 30 ms
(Xu and Yao, 2010). More recently, it has been observed that the addition of exogenous
dopamine also permits the emergence of anti-hebbian t-LTP (for a repetition of post-pre
sequences) via the activation of D1 dopaminergic receptors (Ruan et al., 2014).

This mechanism, in which DA acts as a signal that enables and/or facilitates synaptic
modifications to reinforce post-trial memory traces in the PFC, could play a crucial role in
PFC-mediated cognitive functions that depend on activity-dependent synaptic plasticity
(Xu and Yao, 2010; Ruan et al., 2014). Finally, in the lateral nucleus of the amygdala, the
t-LTP requires the activation of D2 dopaminergic receptors (Bissiere et al., 2003). As for
the prefrontal cortex, the D2 receptors are expressed on GABAergic interneurons and their
activation allows inhibiting GABAergic transmission (Bissiere et al., 2003). Interestingly,
dopamine is released upon stress in amygdala (Inglis and Moghaddam, 1999). Hence,
dopaminergic neuromodulation of inhibitory synaptic transmission seems to be a crucial
mechanism underlying the acquisition of fear conditioning.

Thus, depending on the brain region, dopamine can simply modulate spike-timing
plasticity or be used as a detector of coincidences and be necessary for its induction,
making the link between neurons events at the time scale of milliseconds with stimuli
at higher time scales. Dopamine plays a crucial role as neuromodulator of STDP for
learning.

Endocannabinoids

The endocannabinoid (eCB) signaling system in mammals is comprised of the endogenous
lipid messenger anandamide and 2-arachidonoylglycerol (2-AG) and CB1 GPCRs (CB1R)
in the CNS (Mechoulam and Parker, 2013). CB1R regulates diverse brain functions and
behaviours, modulating neurotransmitter release and neuronal excitation through pre-
synaptic activation of Gi/o, GIRK channels, and arrestin/MAP kinase signaling (Howlett
et al., 2004). Endocannabinoids are synthesized postsynaptically by lipases, travel across
synapses in a retrograde manner (Wilson and Nicoll, 2002), and become embedded in the
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presynaptic membrane where they can activate CB1R (Fowler, 2013). In the somatosen-
sory cortex, at layer 4 to layer 2/3 synapses, the pyramidal cells STDP is bidirectional,
hebbian, and relies on two different coincidence detectors (Bender et al., 2006). Indeed,
t-LTP is NMDAR dependent whereas t-LTD expression involves signaling molecules in-
cluding mGluRs, calcium from IP3R-gated internal stores and VSCCs and retrograde
eCB signaling (Bender et al., 2006).

In the dorsolateral striatum, corticostriatal (projection from somatosensory cortex)
STDP [100 pairings at 1 Hz| at MSN’s level displays bidirectional and Hebbian properties
(Fino et al., 2005, 2010; Paille et al., 2013; Cui et al., 2015, 2016; Valtcheva and Venance,
2016; Valtcheva et al., 2017). t-LTP is dependent on NMDAR activation, while t-LTD
depends on retrograde eCB signaling. The action of eCB on CB1R constitutes the last step
of a signaling cascade involving activation of mGluR5/M1Rs/VSCCs, and then PLCS and
IP3Rs (Fino et al., 2010). Interestingly, robust eCB-mediated t-LTP emerges for a low
number of post-pre pairings (5-10) and depends on the activation of CBI1R and transient
receptor potential vanilloid type-1 (Cui et al., 2015, 2016). This eCB-LTP may represent
a molecular substrate operating during rapid learning. Indeed, in the cortex or striatum,
neurons with behaviour-related activities fire a few spikes upon behaviourally relevant
events during each trial (Schultz et al., 2003; Pasupathy and Miller, 2005; Quilodran
et al., 2008), suggesting that a few trials should be sufficient to induce synaptic plasticity.

In the ventral striatum, corticostriatal (projection from prefrontal cortex) STDP, with
pre-post pairings [100 pairings at 1 Hz|, induces eCB-mediated t-LTD (Bosch-Bouju et al.,
2016). Besides, endocannabinoid modulations of cortico-striatal synaptic efficacy in the
dorso-medial striatum are involved in behavioural adaptations to social stress (Bosch-
Bouju et al., 2016). Thus, STDP mediated by endocannabinoids is critical in the striatum
either for quick learning or in reaction to a stressful environment.

At hippocampal CA3-CA1 synapses, STDP is bidirectional and hebbian in pyramidal
cells (Campanac and Debanne, 2008; Kwag and Paulsen, 2009; Andrade-Talavera et al.,
2016). Both t-LTD and t-LTP require NMDA receptors for their induction, but with two
different populations of NMDA receptors involved. Unlike t-LTP, t-LTD also requires
postsynaptic Ca2+ for their induction, and t-LTD also requires activation of mGlub re-
ceptors, PLC and postsynaptic IP3 receptor-mediated Ca2+ release from internal stores,
eCB synthesis and then, activation of CBIR (Andrade-Talavera et al., 2016). This t-LTD
is observed in developing P12-P18 animals and doesn’t exist after P21 suggesting that
eCB-LTD during development is possibly linked to the refinement of synaptic connections
and remodeling of neuronal circuits.

In the dorsal cochlear nucleus, STDP observed at parallel fiber-cartwheel cell synapses
is characterized by an anti-hebbian timing rule, for which only t-LTD is induced using
a pre-post pairing (Tzounopoulos et al., 2004, 2007). This anti-hebbian t-LTD required
simultaneous activation of presynaptic NMDA and CB1 receptors (Tzounopoulos et al.,
2007). Moreover anti-Hebbian STDP observed in cartwheel cells may underlie a filtering
role in the DCN and help in responding to novel sounds by suppressing the response to
self-generated or expected sounds.

Thus, these findings present endocannabinoids as necessary for synaptic plasticity in
different brain regions, and may underlie a large variety of learning abilities, depending
on activity patterns and on the behavioural context.

The difference of time scale between STDP and neuromodulators seems to allow selec-
tivity and robustness for plasticity and which has a meaning in a learning system based
on the reward.
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2.5.4 Molecular pathway-based computational models of STDP

In an attempt to better understand mechanisms governing learning and memory and de-
termine which mechanisms control input-dependent plasticity numerous models of STDP
have been created. These models range in molecular complexity from single ions (i.e.
calcium) to signaling pathways, and in spatial complexity from a single compartment to
multi-compartmental. In the following, we subdivide the models into two types: those
evaluating the control of plasticity from calcium alone, and those which add one or more
downstream signaling pathway molecules. In addition, we try to distinguish single com-
partment models from those that add some degree of spatial structure to the post-synaptic
neuron. We acknowledge that in both of these dimensions the classification is not binary
and some models bridge the divide.

Models of calcium dynamics in response to STDP stimuli are the most common type
of models, and are justified both by the critical role of calcium in plasticity and also
by the stimulation protocol in which neuromodulator release does not change. The only
difference between protocols that produce t-LTP and protocols that produce t-LTD is
the timing between the pre-synaptic stimulation and the post-synaptic action potential;
thus the number and frequency of pre-synaptic stimulation does not differ between t-LTP
and t-LTD. This implies that pre-synaptic release of neuromodulators does not differ,
and post-synaptic molecules activated by calcium dynamics determine the direction of
plasticity.

Calcium predicting the direction of synaptic plasticity is one of the ideas that are pop-
ular among theoreticians. In the simplest form the peak calcium (or indeed the amplitude
of the current through the calcium permeable, NMDA subtype of the glutamate receptor)
controls the direction of plasticity (Evans and Blackwell, 2015; Graupner and Brunel,
2010). This is known as the “two-threshold” rule: if calcium (either peak or integrated
calcium) is above the higher, potentiation threshold, t-LTP is induced, whereas if calcium
is between the lower depression threshold and the potentiation threshold, t-LTD occurs.
Pre-post pairings produce a large calcium influx through the NMDA receptor channel
with calcium concentration above the high threshold; whereas post-pre pairings produce
a moderate calcium influx with calcium concentration between the thresholds. One of
the first models of NMDAR-dependent synaptic plasticity was proposed by Shouval et al.
(2002). This model, using simplified calcium dynamics inside a dendritic spine, accounted
for a diverse range of stimulation protocols such as STDP and classical rate-based plastic-
ity; however it predicted depression for long positive ISIs, a model prediction which is not
confirmed by experiments (but see REFS. In the striatum, a model of calcium dynamics
(Evans et al., 2012) evaluated the role of NMDAR subunits in shaping the sensitivity to
timing dependence, and correctly predicted that NR2A would require a small ISI, whereas
NR2B can support t-LTP with a wide ISI. Several extensions or modifications to the basic
model have been made both to account for results with spike triplets (i.e., when either two
pre-synaptic stimuli or two post-synaptic APs are generated) and to minimize the t-LTD
window for long positive ISIs. Adding an additional coincidence detection of pre-synaptic
NMDA receptors and endocannbinoids is one mechanism utilized in a neuromorphic im-
plemention of calcium based synaptic plasticity (Rachmuth et al., 2011). Alternatively,
incorporating short term depression of transmitter release or AP back propagation (Shou-
val and Kalantzis, 2005; Bush and Jin, 2012) minimizes the t-LTD seen with long positive
ISIs and can account for other experimental results; however, a more broadly applicable
study (Rubin et al., 2005) showed that plasticity rules that use calcium amplitude alone
cannot completely avoid predicting t-LTD for long positive timing intervals.

An extension of the two threshold rule states that duration of calcium elevation is
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equally important in determining direction of plasticity. Several models of STDP ex-
plicitly take into account both the amplitude and the duration of calcium in predicting
plasticity outcome (Kumar and Mehta, 2011; Graupner and Brunel, 2012). Including the
duration threshold or integrating the total calcium response allows correctly predicting
experimental outcomes for both traditional STDP curves and STDP curves produced by
spike triplets. Another extension of Shouval et al. (2002) model (Standage et al., 2014)
implements a calcium-dependent, sigmoid-shaped time constant of calcium decay, which
represents saturation of Ca extrusion from the spines. This model shows that saturation
of Ca extrusion might be responsible for dependence of t-LTP on the (theta-frequency
like) inter-spike interval for triplet stimulation protocols. Including the duration of cal-
cium does not exclude consideration of pre-synaptic release probability on STDP. Indeed,
gliotransmission may change the shape of the STDP curve depending on whether glio-
transmitters increase or decrease pre-synaptic release (De Pitta et al., 2016).

Most of the aforementioned models use simplified calcium dynamics instead of explic-
itly, implementing the mechanisms underlying control of calcium, which might improve
predictions of synaptic plasticity. In other words, the next set of models used neither sin-
gle time constant of decay nor summation of independent pre-synaptic and post-synaptic
components for calcium dynamics. Though not explicitly implementing an STDP rule,
Griffith et al. (2016) indirectly consider the effect of calcium duration by using calcium-
bound calmodulin to assess how bAP timing influences calcium concentration. They
use a 3-dimensional, deterministic reaction-diffusion model of calcium interactions with
calmodulin and other calcium binding proteins within a dendritic spine to show that
calcium-bound calmodulin is a more sensitive indicator of spike timing than free calcium.
They further demonstrate the role of neuromodulators in regulating synaptic plasticity
through their activation or inhibition of calcium dependent potassium (SK) channels dur-
ing an STDP protocol, which greatly modulates calmodulin activation.

Several studies explicitly investigate how the dendritic location and inhibitory inputs
shape the local calcium-based plasticity rules (Bar-Tlan et al., 2013; Jedrzejewski-Szmek
and Blackwell, 2016). Bar-Ilan et al. (2013) showed that inhibition shapes the spatial
profile of dendritic calcium concentration in neocortical pyramidal neurons. Depending
on the location of the excitatory and inhibitory inputs on the dendritic tree, t-LTP may
be blocked, transformed to t-LTD, or the synapse may undergo plasticity. Similarly,
Jedrzejewski-Szmek and Blackwell (2016) developed a computational model of the major
neuron type in the striatum, the spiny projection neuron, including both electrical activity
and calcium dynamics. They demonstrated that calcium amplitude and duration together
can predict a wide range of experimental plasticity outcomes, and further demonstrated
a distance dependence of STDP caused by the back-propagating action potential. This
demonstrates that by modelling mechanisms controlling calcium dynamics, including dif-
fusion, buffers and pumps, and by considering calcium duration, the LTD window for long
positive ISIs is avoided.

An aspect of calcium dynamics often ignored in modelling studies is calcium release
from intracellular stores. This has been shown to contribute to t-LTP under some condi-
tions (Plotkin and Surmeier, 2015). Thus, Nakano et al. (2013) included calcium release
from stores in their multicompartmental model of a direct pathway spiny projection neu-
ron. In addition, though not explicitly including other signaling pathways, they evaluated
the effect of dopaminergic modulation of calcium, potassium and NMDAR channels. The
main result of their simulations was showing that dopaminergic input preceding a bAP
induced higher calcium responses than dopamine input following a bAP. This study also
predicted that the timing dependence on calcium responses between the up- and down-
states was similar.

Beyond calcium, several models add on simplified or abstract version of downstream

Cette these est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LY SEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



54 Chapter 2. State of the art

signaling molecules: Rubin et al. (2005) propose a three detector system, loosely based
on pathways resembling the opposing CaMKII - protein phosphatase signaling pathways.
In brief, three calcium-sensitive detectors are implemented: high, transient calcium levels
activate the t-LTP detector; low and prolonged calcium elevations activate the t-LTD
detector; and intermediate calcium levels activate a ’Veto’ detector. The Veto detector
suppresses the development of t-LTD, and is critical for avoiding t-LTP with long positive
ISI. Cutsuridis (2011), using the three calcium detector system of Rubin et al. (2005),
showed that single GABAergic inhibitory input can sharpen the shape of the STDP curve:
narrowing the temporal window that supports t-LTD, whereas a train of GABAergic
inputs both sharpens the t-LTD window and reduces the t-LTP amplitude. A follow-up
study extended the model to burst stimulation, and predicted that GABAergic inputs
would expose a t-LTD window for long positive ISIs. The timing of the GABA inputs
determined whether the effect was predominantly depression or potentiation.

Several models have implemented more realistic representations of signaling pathway
molecules, including the calcium activated phosphatase calcineurin, the calcium activated
kinase, CaMKII, and the Gs-activated adenylyl cyclase, the latter of which produces
cAMP to activate PKA. Additional pathways, such as protein kinase C (resulting from
activation of Gg-coupled receptors such as m1 and mGluR) and ERK (downstream of
PKA, PKC and TrkB receptors) are also involved. Several advantages accrue from these
models, including the ability to make experimentally testable predictions regarding the
role of specific molecules. Another key advantage of simulating signaling molecules is that
the t-LTD window for long positive intervals is eliminated without arbitrarily assuming
the existence of a calcium concentration range, between the t-LTD inducing calcium range
and the t-LTD calcium range, that does not elicit synaptic plasticity. Again these models
vary in complexity, such as the number of different signaling pathways included, and
whether spatial aspects are included. Several models of these signaling molecules have
been applied to STDP protocols in the cortex, hippocampus ) and striatum.

Both Carlson and Giordano (2011) and Saudargiene et al. (2015) used a model of
AMPAR insertion controled by the CaMKII/PP2A switch. Carlson and Giordano (2011)
used a single compartment model of calcium dynamics (Shouval et al.; 2002) to acti-
vate the biochemical network model of (Pi and Lisman, 2008). This one compartment
model can explain spike-timing dependent plasticity and does not predict t-LTD for long
positive inter-stimulus intervals. VDCC are critical for the latter effect, as blocking VD-
CCs allows t-LTD to emerge for long positive inter-stimulus intervals. Saudargiene et al.
(2015) incorporated spatial aspects of calcium dynamics by using a detailed compart-
mental model of pyramidal CA1 neuron (Poirazi et al., 2003) to activate a biochemical
network model derived from two earlier models (Pi and Lisman, 2008; Graupner and
Brunel, 2007). Saudargiene et al. (2015) showed, by monitoring AMPAR phosphoryla-
tion by the CaMKII/PP2A switch, that t-LTD is indeed induced by lower calcium levels
than t-LTP, and that t-L'TD it also requires many more repetitions of this lower calcium
(which is consistent with experimental results). Saudargiene et al. (2015) also looked at
the influence of particular timings of inhibition associated with excitatory inputs, show-
ing that inhibition affects t-LTD more than t-LTP, because t-LTD occurs for moderate
calcium levels and is thus more vulnerable to any reduction in peak calcium.

Whereas spatial models of calcium dynamics typically include dendritic branching
or explicit spines (microdomains), many signaling molecules are anchored via structural
proteins into multi-protein complexes, effectively creating nanodomains of molecule inter-
actions. One method for evaluating the effect of nanodomains (without explicitly creating
a spatial model) is to couple different sources of calcium to different downstream signal-
ing molecules. This approach was utilized by Mihalas (2011) who coupled three different
calcium sources to three different signaling molecules: NMDAR to CaMKII, VDCC to
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calcineurin, and PDE to calcium release. Adenylyl cyclase was coupled to both VDCC
and NMDAR. The change in synaptic weight was calculated from kinase (t-LTP) and
phosphatase (t-LTD) activity. This model investigated the role cAMP degradation in
triplet-based STDP, and showed that, if cAMP activity is spatially enclosed to the plas-
malemma, STDP profile is similar to that observed in cortical 1.2/3 slices. STDP profile
for spread cAMP activity was consistent with that observed in hippocampal cell culture.

In the striatum, endocannabinoid production and activation of CB1 receptors are
required for all forms of LTD, thus, Cui et al. (2016) adapted the signaling pathways from
Graupner and Brunel (2007) by adding 2-AG production via mGluR- and M1R activation.
They utilized a one compartment model of electrical activity of a spiny projection neuron
for calcium dynamics, coupled with a model of signaling pathways underlying STDP
in SPNs: this model using a combined 2-AG- and CaMKII-based plasticity rule, where
resulting plasticity direction was determined by the product of the presynaptic weight
(2-AG based,) and postsynaptic weight (CaMKII based,) A strength of this model is
the ability to show the mechanism whereby decreasing the number of pairings converts
NMDA dependent tLTD to an eCB dependent tLTD Prolonged and moderate activation
of eCB caused eCB-mediated depression whereas large eCB transients resulted in eCB-
mediated potentiation. The model predictions regarding the pairing frequency dependence
of plasticity were confirmed experimentally. This study also showed the tLTP observed
with 10 pairings is partly due to the insufficient CamKII activated by such a brief protocol,
compared to the robust calcineurin activation .
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3. Computational model of basal ganglia in
the context of Parkinson’s disease

Parkinson’s disease (PD) relies on the dysfunction of the basal ganglia network, as de-
scribed in chapter 2.1, section 2.1.3. In collaboration with the neurobiology team of
Laurent Venance at College de France, in Paris, we explored how Parkinsonian rats differ
from control ones at the scale of the basal ganglia network. Indeed, since first symptoms
appear when already more than 70% of basal ganglia dopaminergic neurons are decimated
(see section 2.1.3), it becomes a major issue to detect PD earlier, and basal ganglia seem
to be an important target to investigate.

The way information navigates from the cortex to the basal ganglia has been mainly
characterized by three independent pathways (see section 2.1.1). However, how these
pathways are impacted by Parkinson’s disease is still unclear and whether they are delayed,
enhanced or diminished has not been characterized.

To answer these questions, Venance’s team run experiments on anesthetized rats by
stimulating their cortex and recording the resulting response in the SNR neurons with
an extracellular glass electrode. As previously described in chapter 2.1, section 2.1.1,
they obtained characteristic responses composed of different phases, triphasic, biphasic,
monophasic or silent. The goal of the study was to investigate if there were any differences
of response between control rats and Parkinsonian rats.

Venance’s team uses rats in two conditions, SHAM and 60HDA. SHAM condition
is the control condition; surgery is done to inject only saline solution in the substantia
nigra of the rat. On the contrary, 60HDA condition is the Parkinsonian condition (see
section 2.1.3); 60HDA is injected, during the same surgery procedure, acting as a toxin
to suppress dopaminergic neurons of the SNc.

After surgery, the protocol consists in stimulating the cortex of the rat, asleep, while
recording one neural response of the substantia nigra pars reticulata (Figure 2.1). More
precisely, cortical stimulation consisted of 600us width pulses between 10-20V (corre-
sponding to 200-400pA) delivered at a 1 Hz frequency. For each neuron of the SNR
recorded, the entire experiment consists of around fifty cortical stimulation.

In order to compare between control and Parkinsonian conditions, the first step was
to precisely characterize these voltage time series. By fitting a firing-rate neural network
model (see section 2.3.5) on each cell, we could obtain a set of parameters for the weight
and the delay of each connection. This set of parameters provides quantitative values
that can be used as a comparison point of 60HDA and SHAM conditions. In addition,
the fitted response permits to analyse neural responses in a more automatized way.

Thus, from these voltage recordings of SNR’s neurons, the idea is to extract all spikes
of each repetition, sum them up by synchronizing each repetition with the stimulation
time and finally obtain a time series representing the activity of the neural discharge after
stimulation. Indeed, since spikes are summed up through many repetitions, one expects
that a pattern would emerge from the noise (e.g. triphasic, biphasic, monophasic...). This
time series representing the activity of discharge is then smoothed to a continuous curve,
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so the model can easily be fitted on it. Once the model has been fitted on each neuron, in
each condition, we compared parameters or the response pattern of each fit and explore
differences between conditions. We are currently preparing a paper to publish the results.

3.1 Data pre-treatment

From the voltage recording, containing the fifty successive stimulation, we could extract
spikes by setting a threshold value depending on the variation of the resting potential
(Figure 3.1A). The time points of stimulation are already known because the timing of
stimulation is precisely fixed. Thus, we could obtain the timing of stimulation and a
regular and ordered spike timing series (Figure 3.1B), with 0.1 ms as timestep, which
seems to be a good compromise between precision and storage. In addition, each subset
of spikes recorded between two stimulation forms a cycle and each cycle is a repetition
of the same experiment. From there, we synchronized and cumulated each cycle. Thus,
from each cycle, spike series are interspersed and ordered, forming an aggregated spike
series with a bin width of 0.1 ms (Figure 3.1C). In the rare cases where several spikes
are at the exact same timing, they are summed up. This aggregated spike series of the
experiment, over all repetitions, reveals the activity pattern of the neural discharge (e.g.
triphasic, biphasic, monophasic...).

The series of spikes needed to be convolved in order to obtain a smoothed and con-
tinuous activity of discharge, so the model could be fitted on a regular and not too sharp
time series. However, a classical Gaussian function did not work properly, instead we used
a simple square function with a time window of 1 ms, it seemed to be a good compromise
between precision and smoothness (see section 6.1 in discussion). The result is equivalent
to extend the size of each spike to 1 ms and summed up the overlapping parts.
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Figure 3.1: (A) Voltage of recorded neuron with several cycles. (B) Extracted series of
spikes with several cycles. (C) Real example of aggregated spike series. (D) Smoothed
curve obtained with squared convolution of 1 ms width.
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3.2 Firing-rate neural network model

After pre-treating this data, our next step was to fit them. To this aim, we built a simple
firing-rate neural network involving the three known pathways of the basal ganglia and
their corresponding delays (Figure 3.2). This model is simple because it takes only into
account the main pathways of the basal ganglia network to analyse experimental data
and, in that way, it could be compared to a computational and recent version of the
Rate Model (see section 2.1.4). Indeed, the network of the basal ganglia was simplified
to explain the experiment with a minimal number of connections and parameters. For
example, the feedback loop between the STN and the GPe has been removed as well as
the one between the thalamus and the cortex. In both cases, this simplification has been
made because the influence of these connections was expected to occur later than the
dynamics of interest, indeed our recordings mostly focused on the first 40 ms after the
stimulation.

CORTEX
- STRIATUM
-
v
GPe °
v
N STN v

| sN\R

Figure 3.2: Simplified neural network model of the basal ganglia used to fit experimental
recordings.

The corresponding set of ordinary differential equations (ODE) was solved with an
Euler method.

We associated one firing rate activity, r; for each nucleus of figure 3.2 (i.e. for the cortex
i= 1, for the striatum i = 2, ...) and they are calculated with the following equation:

dri(t) 5 —
T o — _rl<t) + F(Ibasali + Sewti + ]z:; T (t — tdelay(i,j)) X Teurr, )7 (31&)
Vi={1,..5}
zifx>=0
F(x):{ 0ifz <0 )

where r; is the firing activity of the nucleus i, Ij.sq, is the basal activity received by
the nucleus, S, is the external stimulus (non-zero value only for the cortex), bdelay(; ;)
is the delay of each connection and according to literature (Lindahl et al., 2013), each
delay is different. 7 is the time constant, that was set to the same value for each nucleus
in order to reduce the number of parameters, simplifying the convergence of the fitting
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algorithm. 7., is another time constant acting on the sum of received currents, it has
a different value for each nucleus i. wy; ;) is the weight of each connection and F(z) is a
rectifying function that sets negative values to zero, to avoid negative firing probabilities.
This function was chosen because it is one of the simplest to capture the dynamics with
weights and delays parameters.

3.3 Solving and fitting the model

To solve the system of ODE, the Euler method was coded in cython to improve per-
formance. To take into account the dynamic of the network, the ODEs contain delays
representing the time for the signal to propagate through the connection. Thus, consider-
ing these delays, the Euler method seemed to be the easiest and the most efficient way to
solve the ODEs. Moreover a python script was used as a wrapper to handle repetitions,
parameters values and plotting.

The time step of stimulation was set at 0.1 ms as a trade-off between precision and
efficiency. Indeed, a time step of 0.01 ms has been tested over the same dataset and it
provides similar results than the time step at 0.1 ms, whereas it takes ten times more
time. The parameters of the model were fitted on each neuron’s response aggregated
spike series, such as the weight and delays of each connection and the basal input on each
nucleus. We calculated the least squares between SNr data and SNr simulation and we
used a particle swarm optimization (PSO) algorithm from PyGMO library to minimize
this least squares. PyGMO also permitted to realize this PSO fit with a parallelized
evolutionary algorithm. The covariance matrix adaptation evolution strategy (CMAES)
and the differential evolution (DE) algorithms were also tested. The PSO converged more
efficiently for this problem.

The PSO algorithm optimizes a problem by having a population of candidate solu-
tion, the swarm, distributed in the parameter space. Each particle of the swarm moves
depending on two main variables, its own score and the best score of all particles (Figure
3.3). These rules are supposed to move the whole swarm to the best position in the space
of solutions. However, if there are several local minima in a large space of parameters, the
PSO algorithm can find different solutions depending on the initial conditions. This bias
can be compensated by making repetitions but it can be costly in terms of machine-time.
Using an evolutionary algorithm in parallel can deal with this bias. Indeed, if we consider
one particle of the PSO algorithm as an individual, we can have a population of individuals
exploring an “island” of solutions, this is the classical particle swarm optimization. Then,
we can duplicate the “island” with a new population (meaning a swarm with a different
initial condition) also exploring. In terms of computation, it can be done on a different
core of the same machine, simultaneously with the exploration of the first island. Next,
every fixed number of generations, the best individual of each island migrates to another
island and the optimization continues, enriched with new individuals (Figure 3.4).

It seems important to note that to solve our system of delayed equations, we used
the classical Euler method, however, these results could be compared with an adaptively
stepping embedded Runge-Kutta 2, 3 scheme to evaluate how much they are dependent
on the solving algorithm. In the same idea, we tested CMAES, DE and PSO algorithms,
on a subset of pre-treated data, to fit our model. We kept PSO for its efficiency but it
would be interesting to compare the results of this three optimization algorithms on the
whole dataset, to test the robustness of our results.
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Figure 3.3: Illustration of Particle Swarm Optimization (PSO) algorithm convergence in
two dimensions.
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Figure 3.4: Particle Swarm Optimization (PSO) algorithm parallelized with an evolution-
ary algorithm with three islands.
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To get enough precision and robustness, each fit was made on two islands, with one
hundred and fifty individuals on each, and twenty migrations every twenty generations of
the PSO algorithm. One fit lasted around twelve hours of machine-time using two core
processors on a computer possessing twenty-four of them.

Furthermore, since we are mainly interested in the response right after the stimulation,
we replaced the final part of the data (30 ms after the stimulation until the end) by its
averaged value, constituting the baseline of the data (Figure 3.5).

Besides, depending on the timing from the stimulation, the fit is differentially weighted
(Figure 3.6). Indeed, even if the fit differs a little from the average baseline, since the
baseline part represents more than 80% of the simulation (cf. W; in Figure 3.6), the
small error value accumulates and becomes large. Thus, in order to focus on the dynamic
right after the stimulation, the 20 ms portion before the stimulation is weighted 100 times
heavier than the rest of the simulation (cf. W} in Figure 3.6), whereas the 50 ms portion
after the stimulation is weighted 100,000 times heavier than the rest of the simulation (cf.
Wy in Figure 3.6).

Moreover, in order for the system to start from a stable point, the simulation starts
300ms before any stimulation.
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Figure 3.5: Convolution on a sham cell at 15V input - Blue : Convolved spike series
(experimental data), Red : Convolved spike series with time window 80-500ms replaced by
a baseline that is the average of the time series (experimental data). Cortical stimulation
occurs at 20ms, symbolised by the vertical arrow.
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Figure 3.6: Convolution on a sham cell at 15V input - Green : cortex simulation (model),
Blue : Convolved spike series with the baseline (experimental data), Red : SNr simulation
(model). Wy = 100Wy and W; = 100,000W,. Cortical stimulation occurs at 20ms,
symbolised by the vertical arrow.

What is mostly difficult is that we are only fitting on the input and the output data
of this network, the cortex and the SNr, respectively, and we have no information to
constrain intermediary nuclei, the striatum, the GPe and the STN.

Finally, a way to optimize properly the fit is to diminish the number of free parameters.
One way to know if a parameter needs to be fitted is to fix it and see if the algorithm
can still fit correctly. Since the response of the SNR is the only one to be fitted, and that
each pathway is composed of several connections between nuclei, some free parameters
in each pathway could be fixed without preventing the convergence of the algorithm to a
proper fit (Table 3.1). Moreover, the parametric space was bounded (table 3.1) to ensure,
for example, that the weight of inhibitory connections stays negative or that delays of all
connections stay in the same range as the literature (table A.4 (Lindahl et al., 2013)).
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Name ] Value Name ‘ Value

Basal activity Time constant on received currents
Tyosaic, 0 pA Teurroy 0.1, 15] ms™*
IbasalStriatum 0 pA TCUW‘StMamm [O 1 15]
Tpasaicpe 0.15 pA Teurrape 0.1, 15] s_1
Tyasalsry 3 pA Teurrsp 0.1, 15] ms™*
Thasalgn, 1 pA Teurrs 0.1, 15] ms™!
Delay Weight

toaa ™ 105, 10] ms | w®r—Strietm 0.1, 500] a.u.
i (0.5, 10] ms | w&*—>TN [10., 1000] a.u.
bty CT° | 5 ms wSrerem=GPe 171000, -0.1] a.u.
3;;;;% SNT10.5, 10] ms | wStriatum=SNr 111000, -0.1] a.u.
o [0.5, 10] ms | wGPe5TN [-1000, -0.1] a.u.
tgeTl(Z SN [0.5, 10] ms | w TN=5NT (0.1, 200] a.u.

Table 3.1: Free and fixed parameters table of the neural network. If there is one value, it
means the parameter is fixed, otherwise it can vary in the provided range.

3.4 Results

First, in order to validate the model with a qualitative test, each of the three pathways
were shut downed to see the impact on the SNr response. Indeed, experiments show
that the first excitatory phase corresponds to the hyperdirect pathway (Takada et al.,
2013), the middle inhibitory phase is due to the direct pathway and the last excitatory
phase is caused by the indirect pathway (Figure 3.7). When each of the three pathways
are extinguished in the model, the corresponding phase indeed disappears (Figure 3.8),
confirming that the model is conformed to experimental results.

— Cortex fit
8 — SNR data
— SNR fit

»
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Figure 3.7: Convolution and fit of the model on a sham cell at 15V input - Green :
cortex simulation (model), Blue : Convolved spike series (experimental data), Red : SNr
simulation (model). Cortical stimulation occurs at 50ms.

Cette these est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LY SEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



3.4. Results 65

— Cortex fit
8 — SNR data
— SNR fit
6
2
=
T4
<
2 | FIN
U |
50 70 90 110
Time in msec
— Cortex fit
8 — SNR data
— SNR fit
6
>
=
T4
<

SN |
50 70 90 10
Time in msec

— Cortex fit
8 — SNR data
— SNR fit
N M
0 wnh[r% j

90 110

(o2}

Activity
N

Time in msec

Figure 3.8: Simulations without some pathways. (Upper panel) Deleting the hyperdirect
pathway causes extinction of the first excitatory phase. (Middle panel) Deleting the direct
pathway causes extinction of the inhibitory phase. (Down panel) Deleting the indirect
pathway causes extinction of the second excitatory phase. Cortical stimulation occurs at
50ms.

Furthermore, to check the robustness of the fitting algorithm, one set of 112 recordings
(68 SHAM and 43 60HDA recordings) were fitted ten times, with the least square and the
PSO minimization, each time with different initial conditions (Figure 3.9). The firing rate
standard deviation is calculated for each time point of the series, then averaged on all the
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series. Firing rate standard deviation histograms in control and Parkinsonian condition
(Figure 3.10), shows that the large majority of fits has a standard deviation, below 0.5 of
firing rate. We visually inspected the convergence below this threshold and we considered
that the algorithm was robust enough to be used as a categorization procedure.
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Figure 3.9: Robustness of fitting over 10 repetitions. The upper panel represents ten
repetitions of fitting on one recording, with the least square and the PSO minimization,
all superimposed, with a low firing rate standard deviation averaged on all time points of
the series (0.007 firing rate). The bottom panel represents ten repetitions of fitting on one
recording, with a high standard deviation (1.93 firing rate), averaged on all time points
of the series. Cortical stimulation occurs at 20ms.

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



3.4. Results 67

SHAM

N
o

w
o

Number of cells
N
o

.0

0 1.0 2.0

Standard deviation

30 60HDA

N
o

-
(@)

Number of cells

0 =l
0.0 0.2 04

Standard deviation

Figure 3.10: The histograms of firing rate standard deviation in both control (up panel)
and Parkinsonian (down panel) conditions.

3.4.1 Model parameters comparison between SHAM and 60HDA
conditions

One way to discriminate each condition was to compare the parameters values of each
connection of the neural network model. In total, 37 60HDA cells and 41 SHAM cells
were recorded at three different inputs (10V, 15V and 20V).

First, the neurons responses of each condition were averaged and fitted to constitute
a representative response of each condition (control or Parkinsonian). However, this
averaged response was not pertinent to distinguish between condition because it erases
the variability of neuron’s responses and the potential contrasts between each condition.

Then, instead, each individual neuron’s response was fitted independently and each
parameter of each connection was compared (e.g. weight, delay or basal activity). These
comparisons were made with non-parametric statistical tests such as the Mann-Whitney-
Wilcoxon test (MWW) or the Kolmogorov-Smirnov test (KS) implemented in the R soft-
ware. Unfortunately, this test shown no significant difference between parameters values
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of both conditions (SHAM or 60HDA); either p-values of these tests were above 0.05
or parameters values were below 0.01% of difference, that was not considered to have a
biological meaning.

In addition, we used a principal component analysis (PCA) permitting to maximize
the variance of our dataset with an orthogonal linear transformation. The dataset is
described in a new coordinate system built on a linear combination of our parameters.
However, the resulting coordinate system describing our dataset does not correspond to
the control versus Parkinsonian conditions or something biologically relevant.

In a generalized linear model (GLM), the explained variable is assumed to be gen-
erated from a particular distribution in the exponential family (i.e. normal, binomial,
Poisson, or gamma), where the mean of the distribution depends on the explanatory vari-
ables. The standard GLM assumes that the observations are uncorrelated but generalized
linear mixed-effect models (GLMMs) are a special case allowing to study correlations be-
tween observations. Since the same neuron was recorded at several inputs in our data,
we counted the number of spikes and we used generalized linear mixed-effect models
(GLMM) to compare statistically baseline values of the neural discharge rate depending
on each condition (SHAM or 60HDA), the input voltage and the recorded neuron, with
the following GLMM formula in R:

glmer(nb, ;. ~ Cond + Inputyeyage + (1[IDcen), family = poisson)

where gmler() fits the generalized linear mixed-effects model, fixed effects and random
effects are specified via the model formula where nbg. is the explained variable, counting
the number of spikes, Cond is an explanatory variable with either “SHAM” or “60OHDA”
as qualitative value, Inputyy,.. is another explanatory variable, mentioning the input
value of stimulation and (1|ID¢e) provides the name of the neuron and accounts for the
use of the same neuron at different cortical input value, it is called a random explanatory
variable. Besides, family = poisson is the description of the error distribution and link
function to be used in the model. Poisson type of model is used specifically for counting
variable.

This analysis shows that switching from control to Parkinsonian condition multiplies
the number of spikes by 1.03, with a 95% confidence interval [1.02, 1.05] and with a p-
value = 0.0002, so it is statistically significative, but it is a poor effect; at the exact same
intensity of stimulation in the cortex, if a control neuron fires, on average, 100 spikes for
a limited period of time, a Parkinsonian neuron fires, on average, between 102 and 105
spikes, for the same period of time.

Thus, considering and comparing separately each parameter or baseline value does not
show any significative difference between both conditions.

3.4.2 Response pattern categorization on a synthetic dataset

Furthermore, we noticed that there were two main patterns in the data: the triphasic
response (first phase excitatory, second phase inhibitory and last one excitatory), and a
biphasic response, where the first excitatory phase is absent.

In order to test the power of our modelling approach, we wanted to check that it could
discriminate between these two patterns. Hence, we tested it on a small set of synthetic
data.

These synthetic spike series were obtained with a Poisson process, a classical way to
account for neural activity. In a Poisson process the size of the interval between consec-
utive events is exponential. Therefore, we obtained spike series with random numbers
exponentially distributed. To represent the different phases, we applied different param-
eters values for A, the Poisson process rate (Figure 3.11). This means we generated a
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synthetic spike train using an heterogeneous Poisson process with the rate and duration
of each phase set to emulate our experimental data.

Moreover, each synthetic train was the aggregation of 50 generated synthetic spike
trains, as in experimental acquisition and these parameters were adjusted to get an am-
plitude of aggregated spikes comparable to real data. Finally, the only difference between
triphasic and biphasic synthetic dataset is that in the biphasic series A\pyperdirect = Npasetine-
We set up a small dataset, five triphasic and five biphasic cells, since the spikes series
were very homogeneous.

A

hyperdirect

A

indirect

A A

baseline baseline

- \\t

hyperdirect tdirect 1:indirect

baseline

t

Figure 3.11: Synthetic triphasic spike series generated with Poisson process, with
thyperdirect - 25m37 Ldirect = 30m57 Lindirect = 47m37 tbaseline = 57ms, Abaseline - 0047
)\hyperdirect - 077 )\direct - 00017 )\indirect = 0.7.

We fitted our model on this synthetic dataset after convolutions (Figure 3.12). We
found that some parameters of these fits were significantly different between biphasic
and triphasic synthetic cells (p-value < 0.05 and effects > 0.01% of change), validating
our fit to distinguish biphasic and triphasic. For example, the weights of the connection
from cortex to striatum, striatum to SNr and GPe to STN are significantly different (not
shown). Therefore, our model was able to distinguish biphasic from triphasic cells on
synthetic data. The next step was to see if we could find the same differences on the real
dataset.
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Figure 3.12: Fitting the model on the synthetic triphasic spike series generated with
Poisson process. Cortical stimulation is at 20ms.

3.4.3 Response pattern categorization on the real dataset

In order to apply further our model fits on real dataset, we compared biphasic and triphasic
on the real dataset. However, that meant that we needed first to label the type of response
of each recording. We came up with a set of rules to apply on the fit of each recording
and categorize them.

The first step was to identify if each phase of the triphasic response is present. Chrono-
logically, the first is excitatory, the second is inhibitory and the third is excitatory. If all
of them are present, the response of the SNR’s neuron is classified as triphasic, if only two
are present, the response is biphasic, with different sub-categories depending on which
phases are present, and monophasic if there is only one phase. The category “other”
stands for recordings which do not enter into the previous ones.

The following set of rules was used to classify the cells automatically:

e Initial baseline, (the 20 ms before cortical stimulation), is considered as the baseline
for the whole recording.

e Everything above the baseline is excitatory, everything below is inhibitory.

e If there is a double peak (excitatory or inhibitory), it is considered as double only if it
crosses the baseline between the two peaks.

e [f there is a double peak, the simulation is categorized as “other”.

e If there are more than three peaks, it is categorized in “other”. For example, if there
are more than two excitatory peaks or if there are more than one inhibitory peak, it
is categorized in “other”.

e If switching between phases is too fast or too slow the simulation is categorized as
“other”, the interval between the beginning of the first phase and the beginning of the
third phase must be comprised in [10 ms - 40 ms].

e When there is more than 10 ms between the inhibition and the second excitation, it
is categorized as “monophasic inhibition” rather than “other”.
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e If a phase is too small in amplitude (less than 80% of the baseline value), they are not
considered as phases.

We applied this set of rules on the experimental dataset to classify the cells automati-
cally. To this aim we pooled SHAM and 60HDA data, representing a set of 231 recordings,
where 77 were triphasic, 29 were biphasic (inhibitory phase followed by excitatory phase)
and the rest classified as “other”.

After fitting, we found that some weight are significantly different for connections GPe
to STN and STN to SNt between triphasic and biphasic cells, by using the Mann-Whitney-
Wilcoxon test (MWW) or the Kolmogorov-Smirnov test (KS) (Figure 3.13). The mean
weight from GPe to STN and from STN to SNr connections are significatively lower in
the triphasic condition than in the biphasic condition.

We could also significantly distinguish these two parameters in the synthetic dataset
(as previously mentioned in the section 3.4.2), hence, these control tests suggest that our
set of rules, to categorize the pattern response, and our fits are coherent and converging
toward the same result.

Nevertheless, this result is difficult to interpret since we have differences between
connections belonging to the indirect pathway whereas we rather expected differences in
the connection of the hyperdirect pathway, namely the connection from the cortex to the
STN. In fact, we noticed that variations of one parameter (e.g. the connection weight
from GPe to STN) could be partially compensated by the variation of another (e.g. the
connection weight from STN to SNr), diminishing differences between conditions. Even if
we set constant values for some parameters to minimize the overlap of parameter action
ranges, the heterogeneity of the dataset makes it difficult to fit over the majority of
recordings while minimizing the overlap of parameter actions. Besides, interpreting the
variation of one parameter between two conditions seems less accurate than the variation
of whole pathways.
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Figure 3.13: Distribution of weight of connection GPe-STN and STN-SNr respectively
with triphasic and biphasic condition, represented with violin plots, medians and extrema.
MWW: p-value = 0.0, KS: p-value = 0.0 and MWW: p-value = 0.003, KS: p-value = 0.045,
respectively.

3.4.4 Scores associated with the three pathways of the neural
network

Instead, associating a score to each pathway, hyperdirect, direct and indirect, permitted
to compare each phase of the network dynamic. These scores were calculated using
adjacency matrices from the graph theory. Indeed, our neural network is a simple directed
graph where each nucleus is a node and each connection is a directed edge. Taking the
power of adjacency matrices is equivalent to concatenate connections and forming a path.
Hence, we can associate a score to the three pathways of our neural model by multiplying
adjacency transition matrices, starting from the cortex to the SNr.

There is a distinction between the matrix of weight associated to the stimulation and
the matrix of weight associated to basal activity. Indeed, because of delay, each pathway
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is independently considered.

Cx 1
Str 0
The vector of stimulation: Iy, = GPe | 0
STN | 0
SNR\O
[OCac
IOStT
The vector of basal activity: Iy = | Io.p.
]OSTN
[OSNR
The matrix of weight associated to the hyperdirect pathway:
Cx Str GPe STN SNR
Cx 0 0 0 WCexr—STN 0
Str 0 0 0 0 0
WHyperdirect = GPe 0 0 0 0 0
STN 0 0 0 0 WSTN—SNR
SNR\ 0O 0 0 0 0

The matrix of weight associated to the direct pathway:
Cz Str GPe STN SNR

Cx 0 WO r—Str 0 0 0
Str 0 0 0 0 WStr—SNR
Whpireet = GPe 0 0 0 0 0
STN| O 0 0 0 0
SNR\ O 0 0 0 0
The matrix of weight associated to the indirect pathway:
Cx Str GPe STN SNR
C X 0 WC x— Str 0 0 0
Str 0 0 WStr—GPe 0 0
Windireet = GPe | 0 0 0 WGPe—sSTN 0
STN 0 0 0 0 WSTN—SNR
SNR\ O 0 0 0 0
The matrix of weight associated to the whole network:
0 wezsstr 0 Wez—STN 0
0 0 Wstr—GPe 0 Wstr—SNR
W=10 0 0 W@GPe—sSTN 0
0 0 0 0 WSTN-SNR
0 0 0 0 0

The hyperdirect pathway is constituted as follows: Cx — STN — SNr. Since there
are two connections, in order to get the score of its response, we needed to calculate
adjacency matrix at the power of 2, by taking all inputs into account. Then, we kept only
the response associated to the SNr.

Besides, we can decompose the adjacency matrix in two matrices, the matrix associated
to the hyperdirect pathway, Wiyperdireer and the matrix of the whole network, W. We
linked the stimulation vector, Isim, t0 Whyperaireer Whereas the basal activity vector, Iy,
is linked to W.

Hence, the hyperdirect score is calculated in two steps: Step 1 with basal activity

input and stimulation activity: (Ig;lm X Whyperdirect)T + ([OT X W)T
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Step 2 with basal activity: (Step 1+ I)" x Wi sNR)

0 0
0 IOCQC X WCg—Str
Step 1: 0 + log,, X Wstr—apre
WCz—STN I, X WezssTN + logp, X WGPe—ssSTN
0 log,, X Wstr—ssNR + Logry X WSTNSSNR
Io,., g 0
Iy, X Weg—ser + log,, WStr—SNR
Step 2: Iog,, X Wstr—ape + Logp, X 0
WegsstN X (Tog, +1) + logp, X WapessTN + logry WSTN—SNR
Ing,, X Wstr—ssNR + logry X WsTNsNR + log,, 0

Finally, all parameters were normalized, so we add a negative sign for negative pa-
rameters and we obtained the following hyperdirect score:

ScoreHyperdirect - _‘|wStr~>SNR|’ X (H[ch H X HwC:E%StTH—i_HIOSW H)

+ [lwsrnosnrl ¥ (HwCHSTNH><(Hfocx||+1> - ||wGPHSTNH><|UUGP6H+HIOSTNH>

We used the same procedure for the direct pathway constituted as follows: Cx — Str
— SNr, except that we used the adjacency matrix, Wy eer.

Hence, the direct score is calculated in two steps: Step 1 with basal activity input and
stimulation activity: (1%, x Wdirect)T + (17 % W)T
Step 2 with basal activity: (Step 1+ IO)T X Wiw.sNR)

Scotepisect — —[[ser sl X (<||focz||+1> x ||woﬁsw||+||fosm||)

+ wsrwsswal X (||wCHSTN||—||wGPHSTN|| . ||Iocpe||+||fom||>

We used the same procedure for the indirect pathway constituted as follows: Cx —
Str — GPe — STN — SNr, except that we used the adjacency matrix, Wi, girect-

Hence, the indirect score is calculated in four steps: Step 1 with basal activity input
and stimulation activity: (]Sthm X I/deirect)T + (IOT X W)T
Step 2 with basal activity: (Step 1+ L)' x W
Step 3 with basal activity: (Step 24 Ip)" x W
Step 4 with basal activity: (Step 3 + ]O)T X W(s.sNR)

Scorelndirect - ||wSTN—>SNR|| X (H[OSTN ||+||wC'ac—>Str || X ||wStr—>GPe||

T [ wsisgre]| X ||foapeu)
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3.4.5 Comparison of score pathway on triphasic and biphasic
neural responses

To control the pertinence of theses scores we used again the synthetic dataset and com-
pared both triphasic and biphasic groups. As expected, only the score associated to the
hyperdirect pathway was significantly different between triphasic and biphasic cells (table
3.2).

Hyperdirect | Indirect | Direct
MWW | 0.009 0.117 0.754
KS 0.004 0.209 0.697

Table 3.2: Statistical p-values of the Mann-Whitney-Wilcoxon test (MWW) or the
Kolmogorov-Smirnov test (KS) by comparing each score pathway calculated with ad-
jacency matrix on the synthetic dataset.

Then, these scores were applied on the experimental dataset, where we already identi-
fied 77 triphasic neural responses and 29 biphasic neural responses with our model fits and
our set of rules classification. First, there was no significative difference of scores pathways
between SHAM and OHDA (not shown here). Hence, we could combine both conditions
and observe that there was a significative difference for hyperdirect and indirect pathways
between triphasic and biphasic conditions (Figure 3.14).

Thus, when pooling SHAM and 60HDA conditions, the hyperdirect score is signifi-
cantly higher in triphasic cells than in biphasic cells. However, these scores do not allow
to differentiate SHAM and 60HDA cells. However, the pathway scores support the idea
that our model combined with our set of rules can discriminate between biphasic and
triphasic.
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Figure 3.14: Comparison of each score pathway between triphasic and biphasic condition
with violin plot and two statistical tests (MWW and KS), the hyperdirect pathway and the
indirect pathway were significantly different between triphasic and biphasic: hyperdirect
pathway, MWW: p-value = 0.0, KS: p-value = 0.0, direct pathway, MWW: p-value =
0.0759, KS: p-value = 0.0354, indirect pathway, MWW: p-value = 0.0041, KS: p-value =
0.0148
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3.4.6 Comparing proportion of triphasic cell between SHAM
and OHDA conditions

Since there was no significative difference between the response parameters or the score
pathways of the two conditions SHAM and OHDA, and since we validated that we could
discriminate between biphasic and triphasic cells. Our next question was to study if there
was a significative proportion difference of triphasic cells between the control (SHAM)
and Parkinsonian (60OHDA) condition, with the distribution following table 3.3.

SHAM | 60HDA
Triphasic | 51 26
Other 71 83

Table 3.3: Number of cells classified as triphasic or not in SHAM and 60HDA conditions
with our model fits and our set of rules classification.

To test for a difference in the proportion of triphasic cells, we used a binomial model
with random effects:

glmer(Triphasic ~ cond + Inputyiee + (1/IDcen), family = binomial)

where gmler() fits the generalized linear mixed-effects model, Triphasic is the explained
variable, marking if the neuron is classified as triphasic or not, cond is an explanatory vari-
able characterizing the condition, SHAM or 60HDA, Inputy,,e. is another explicatory
variable, mentioning the input value of stimulation and (1|ID¢,y) is a random explanatory
variable containing the name of the neuron. Besides, family = binomial is the type of
model used specifically for counting variable.

It results that, with a 95% confidence interval, there is [1.14 - 7] times more triphasic
cells in SHAM than in 60HDA, p-value = 0.02 (Figure 3.15).
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Figure 3.15: Barplot of the triphasic cell proportion in SHAM and 60HDA conditions.
There is [1.14 - 7] times more triphasic cells in SHAM than in 60HDA with a p-value
=0.02

Thus there were no significant differences between the response of control and Parkin-
sonian neurons, nothing statistically or biologically significant came out, neither with
non-parametric statistical test or with linear models. Besides, the baseline of firing rate

Cette these est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LY SEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



78Chapter 3. Computational model of basal ganglia in the context of Parkinson’s disease

is significantly but not biologically different between both conditions; the difference of
firing rate is too small to be meaningful (< 0.001%). However, the proportion of triphasic
neurons is significantly larger in SHAM than 60HDA neurons.

Therefore, our conclusion is that triphasic SHAM cells do not differ from triphasic
60HDA cells and biphasic SHAM cells do not significantly differ from biphasic 60HDA
cells. Nevertheless, the proportion of triphasic cells was found significantly smaller in
60HDA cells. We conclude that the effect of 60HDA lesions used in experiments is
mostly to decrease the proportion of cells that exhibit a significant hyperdirect response.
In other words, the parkinsonian condition seems correlated with a diminution of the
proportion of cells with a hyperdirect response.
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4.  Computational model of Habenula in the
context of major depressive disorder

We collaborated with the team of Hailan Hu (Univ. Zhejiang, Hangzhou, Chine) to better
understand the role of the habenula in depression disease. All the experimental results
presented below are their results, we only made the computational modelling part and
our joint work resulted in a paper in Nature (Cui et al., 2018). In particular, we studied
how the astrocyte regulation of potassium is linked to the activity of the lateral habenula
(LHD).

Indeed, based on Hu’s team previous observations (Li et al., 2013), they identified
that the overexpression of S-CaMKII in depression animal models causes AMPA insertion
onto the membrane, leading up to a hyperactive habenula in depressive status. S-CaMKII
would have a key role in synaptic plasticity of LHb synapses by increasing their efficiency.

Furthermore, habenula neurons present three activity patterns (silent, spiking and
bursting, see section 2.2.2), therefore, they postulated that the hyperactivity of habenula
in depression animals could be due to the increase of burst weight. Indeed, they found
that the number of bursting neurons is increased in the habenula of depressive rats (Figure
4.1A) and that the spontaneous burst firing frequency is significantly higher in depressive
animals (Figure 4.1B).
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Figure 4.1: Experimental data. Proportion of silent, tonic (spiking) and phasic (burst-
ing) cells in both control (WT) and depression (cLH) conditions (a). Comparison of
spontaneous burst firing frequency between WT and cLH conditions (b).

Accordingly, using inter-spiking intervals (ISI) histograms to represent the distribution
of the timing between each spike, they highlighted a higher proportion of small IST (below
40 ms) in depressive rats compared to wild-type rats, corresponding to burst firing (Figure
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4.2). In treatment with ketamine, an antidepressant, burst cell population was reduced
and the total spontaneous frequency was reduced too.

Therefore, they have evidence that, in depression, the homeostasis of habenula is
disturbed and the activity pattern of neurons is shifted toward bursting mode. The
bursting weight would be the main cause of habenula’s hyperactivity and to test this
hypothesis, we built a computational model of a habenula’s neural population projecting
to a single VTA dopaminergic neuron. Thus, our model asks if LHb burst firing is more
efficient to inhibit the VTA than spike firing.
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Figure 4.2: Experimental data. ISI histograms in habenula of WT rats (left panel) and
cLH rats (right panel). Each histogram has been made from 10 neurons showing activity
(not silent neurons) and recorded for 10 minutes.

4.1 Depression and bursting neurons

To better understand how an increased bursting activity of LHb neurons induces a de-
crease of VTA dopaminergic activity, we made a computational model and compared
two conditions; the control condition, where the distribution of LHb neurons’ popula-
tion follows a specific proportion of silent, spiking and bursting cells and the depression
condition, with a higher proportion of bursting cells. These proportions follow the ones
obtained experimentally (Figure 4.3). If the model reproduces a stronger inhibition of
the dopaminergic neuron when the proportion of bursting cells is increased, then we can
study how it works.
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Figure 4.3: Experimental data. LHb neurons repartition in control condition (upper
panel) LHb neurons repartition in depression condition (bottom panel).

Considering the neural network of interest, the connection of the habenula with the
VTA is made through inhibitory neurons (Figure 4.4). The lateral habenula (LHb) sends
glutamatergic efferents to GABAergic regions, either the rostromedial tegmental nucleus
(RMTg) or GABAergic neurons in the VTA. Then, both GABAergic neurons project to
dopaminergic neurons of the VTA. Finally, there is some feedback from the VTA to the
habenula forming two loops, one inhibitory and the other excitatory (Figure 4.4).

Glu

Glu
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-8

Figure 4.4: Circuitry between the habenula and the ventral tegmental area. The LHb
projects to dopaminergic neurons of the VTA through inhibitory regions. DA neurons of
the VTA project back to the LHb.

In order to investigate the activity pattern of the DA neuron depending on the habe-
nula’s neural population composition, we considered simply one DA neuron receiving
inhibitory inputs from a population of habenula’s neurons (Figure 4.5). Thus, our model
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is in two parts, an effective inhibitory input, rendered by the population of the habenula
and a DA neuron, the output of our model.

4.1.1 Modelling the habenula to VTA pathway

s000
spikes irregular

)
5000 10000 2000 25000 30000

uuu

burst regular

20000 25000

10000 __ 15000
Time (ms)

15000

Time (ms)

GABA

2000 4000 6000 8000

Time (ms)

Figure 4.5: Model of the network LHb to VTA. (Up part) The LHb is modelled by a
population of neurons, following the proportion of control or depressive condition. Each
neuron is a spike train contributing to the whole inhibitory signal sent to the DA neuron.
(Down part) Model of DA neuron (Kuznetsov et al., 2006)(Destexhe et al., 1998)(Lobb
et al., 2011).

Habenula input

There are actually five different types of activity in habenula neurons: silent cells, regular
or irregular spiking cells and regular or irregular bursting cells, according to the data
of Hu’s team (Figure 2.12). This lab recorded one voltage trace of each activity type
and also derived ISI histograms over ten neurons with spontaneous activity (i.e. no
silent neurons) in both control and learned helplessness conditions. These histograms
contain few neurons, however, it was enough to qualitatively see that learned helplessness
conditions showed more short spikes intervals than control condition, suggesting more
bursting neurons (Figure 4.2).

To reproduce a realistic input from the habenula, we considered each type of neuron
separately and from the samples of recorded voltage traces we extracted spikes and ISI
series. Then, we generated synthetic ISI histograms from inter-spike time values with
different laws of firing probability (uniform, Gaussian, poissonian, Rayleigh, gamma...).
When the shape of ISI histograms generated by one probability law was qualitatively close
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to the ISI histogram of experimental data, we kept this probability law. Each experimen-
tal firing pattern was thus associated to a given distribution and a set of parameters for
this distribution. To generate the spike train for one LHb neuron, we used the distribu-
tion corresponding to its pattern, and the parameters corresponding to its pattern. The
parameters for the neuron were chosen at random according to a gaussian distribution
centered on the parameter value of the pattern. This last step was necessary to account
for the heterogeneity of the experimental data.

Finally, to model the activity of the LHb, we summed up spikes series generated
from one hundred neurons, following the firing pattern proportion of control or depressive
conditions, taken from experimental data (Figure 4.3).

DA neuron and GABA current

Instead of modelling the RMTg, the GABAergic region between the habenula and the
VTA (see section 2.11), we simplified the model by considering that the LHb neurons were

directly GABAergic neurons contacting the DA cells (i.e. we fused the LHb Glutamate

RMTg 224 VTA circuit into LHb Z224 VTA).

To model the DA neuron, we used the two-compartment model described by (Kuznetsov
et al., 2006) and (Lobb et al., 2011). There is a compartment for the soma (index 1) and
another one for dendrites (index 2). Each compartment, depending on its diameter, has
a specific natural oscillation frequency. If the coupling between the two compartments
is strong, they show a slow periodic oscillation, however, if the coupling is too weak to
synchronize both compartments, it generates an irregular oscillation (Kuznetsov et al.,
2006). This coupled-oscillator model is described by the set of ordinary differential equa-
tions described in part 2.3.4 and with the parameters of simulation in section A.1.

The GABAergic current was made to reproduce the voltage clamp recordings in ex-
cised membrane patches showing that 1 msec pulses of 1 mM glutamate reproduced
post-synaptic currents that were quite similar to those recorded in the synapse (Hestrin,
1992)(Colquhoun et al., 1992)(Standley et al., 1993). Then, Destexhe et al. (1998) as-
sume that the transmitter, either glutamate or GABA, is released according to a pulse
when an action potential invades the pre-synaptic terminal. In order to reproduce these
results, each spike time in the spike train obtained as an output of the habenula region
was associated to 1 msec and 1 mM amplitude GABA pulse. To calculate GABA 5 current
from these spikes GABA pulse train, we used the two states (open/close) kinetic model
described by Destexhe et al. (1998).

In this model, r,, is defined as the fraction of the receptors in the open state, it is
then described by the following first-order kinetic equation:

drop
dt

= (aGABAA X [GABA] X (1 — Top) — BGABAA X Top) (41)

with agapa, and Bgapa, the voltage-independent forward and backward rate con-
stants, respectively. Igapa Ay is the resulting GABA current through the dendrites (see
2

table A.3):

dlgapa Ay,

7 = 9aABA,,.. X Top X (Vo — Egapa,) (4.2)

with geapa, . the maximal conductance, V; the voltage associated to the dendrites
compartment and Egapa,, the reversal potential for GABA, current (see table A.3).

Cette these est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LY SEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



Chapter 4. Computational model of Habenula in the context of major depressive
84 disorder

4.1.2 Results: the impact of increased bursting activity of habe-
nula on DA neuron

Modelling LHb activity

We had one voltage trace of each cell type at our disposal. After extracting ISI histograms,
we fitted them with distribution laws using scipy python library. For burst patterns,
inter-spike-interval (ISI) train, ¢;rqa—purst, are calculated with an exponential function,
tintra—burst (1) = ax e¥, Vi in {1, ..., bgpikes }, Where nbgpikes is the number of spikes in burst.
Parameters of the exponential function followed a distribution law, fitted on experimental
data, to account for burst variability and described in the corresponding figure legends.

We compared ISI histograms of our fits with experimental data for regular spiking,
irregular spiking, regular bursting and irregular bursting patterns, respectively, in figures
4.6, 4.7, 4.8 and 4.9. Besides, the parameter value results are given in the legend of the
corresponding figures.
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Figure 4.6: Regular spiking cells model (left) and data (right). The interspike interval
timing, t7g7, follows a normal distribution t;5; ~ N(171,18)
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Figure 4.7: Irregular spiking cells model (left) and data (right). The interspike interval
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timing, t;g;, follows a Rayleigh distribution, ¢;4; ~ 5+ X exp ( 5 with the variable

x > 0, and parameters a = 19 and § = 561.
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Figure 4.8: Regular bursting cells model (left) and data (right). The inter-burst interval
timing, tinter—purst, follows a normal distribution iter—purst ~ N (1068,53). The intra-
burst interval timing is calculated with an exponential function, where parameters a, b
are normally distributed a ~ N (8,0.8), b ~ N(0.16,0.02) and where the number of spikes
is an integer uniformly distributed in [2, 3].
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Figure 4.9: Irregular bursting cells model (left) and data (right). The inter-burst interval
timing, tinter—burst, follows a Rayleigh distribution, with parameters o = —1660 and § =
4598, we discarded all negative output values. The intra-burst interval timing is calculated
with an exponential function where parameter a is uniformly distributed (@gown, Gup) =
(7.5,42.), and b is set at 0.15 and where the number of spikes is an integer uniformly
distributed in [1, 13].

Then, we aggregated each firing pattern following the experimental proportion in
control and cLH conditions (Figure 4.3)

In order to get the same experiment as Hu’s team, we simulated 100 LHb neurons
activity for ten minutes and extract ISI of each neuron, in both control (WT) and de-
pressive (cLH) condition (Figure 4.11). As a result, in our simulations, we can observe
that the main mode of short timing induced by bursting is shorter (below 10 ms in figure
4.10) than in experimental IST histograms (around 70 ms in control condition and around
20 ms in cLH condition in figure 4.11). Alternatively, we could directly generate LHb
activity from the experimental ISI histograms with a Monte Carlo sampling technics.

However, these histograms have been made from only 10 cells each, so these discrepan-
cies might be a bias of sampling. Sticking closer to them would have implied changing the
mean firing rate of spiking and bursting modes between control and cLLH conditions. This
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was not the question we built our model for, hence, in order to test only the difference of
proportions, we kept the same distributions for each LHb neuron type and only changed
the proportion between each condition.

Besides, to account for this heterogeneity, we kept the same probabilistic laws describ-
ing each pattern but we added randomness on their parameters.
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Figure 4.10: ISI histograms of simulated data following experimental proportion in figure
4.3. Control condition (left panel) and cLH condition (right panel).
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Figure 4.11: IST histograms of experimental data. Control condition (left panel) and cL.H
condition (right panel).

Hence, we simply used a gaussian law over each parameters that we adjusted visually
to obtain comparable results to experimental histograms in control and cLH conditions.

For regular spiking cells, the interspike interval timing, t;s;, follows a normal dis-
tribution trs; ~ N(p,0?) (Figure 4.12), where the parameters p and o2 are normally
distributed, to account for the heterogeneity of recording cells, with pu ~ N(120,30) and
o? ~ N (10, 30)).

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LYSEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



4.1. Depression and bursting neurons 87
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Figure 4.12: Model data of regular spiking LHb neuron.

For irregular spiking cells, the interspike interval timing, t;¢;7, follows a Rayleigh dis-
7(1704 2

2 ) with the variable x > 0 (Figure 4.13) and where

r—o

B
the parameters o and (8 are normally distributed with o ~ A(60,3) and 5 ~ N (60, 3).

tribution, t;g;r ~ X exp

2
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Figure 4.13: Model data of irregular spiking LHb neuron.

For regular bursting cells, the inter-burst interval timing, t;,e;—purst, follows a normal
distribution t;ser—purst ~ N (11, 0) (Figure 4.14) where the parameters p and ¢ are nor-
mally distributed, p ~ A(120,30) and 0% ~ N(10,30). The intra-burst interval timing,
tintra—burst, Tollows an exponential 1aw, tintra—purst ~ @ X € with the variable x and where
the parameter a is normally distributed a ~ N(20,1) and b is fixed at 0.15.
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Regular burst pattern
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Figure 4.14: Model data of regular bursting LHb neuron.

For irregular bursting cells, the inter-burst interval timing, ¢;,ser—purst, follows a Rayleigh

> with the variable z > 0 (Figure 4.15)

L e (252)2
distribution tinier—purst ~ X exp( 5
and where the parameters o and § are normally distributed with o ~ N(60,3) and
f ~ N(60,3). The intra-burst interval timing, t;nira_purst, follows an exponential law,
b with the variable x and where the parameter a is uniformly dis-
tributed (Gdown, @up) = (7.5,42.) deduced from fitting experimental data, and b is fixed at

0.1.

tintra—burst ~ @ X €

Irregular bursting pattern
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Figure 4.15: Model data of irregular bursting LHb neuron.

Then, again, we simulated 100 LHb neurons activity for ten minutes and extract ISI
of each neuron, in both control (WT) and depressive (cLH) condition (Figure 4.16).

In both, experimental and computational histograms, when comparing depression con-
dition to control condition one can see that there are more short intervals (Figures 4.16
and 4.17). Thus, these histograms validate qualitatively the model to reproduce both
WT and cLH conditions when changing the proportion of bursting cells. Nevertheless,
the model does not reproduce very accurately the WT condition, indeed, in experimental
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data, the two modes of the distribution are around 70 ms and 180 ms whereas on the
model data, the two modes are the same as in the depression condition and around 20
ms and 110 ms. Although the model reproduces almost the ISI histogram of the cLH
condition, it is not good enough to reproduce the control condition. However, these his-
tograms have been made from only 10 cells each, so these discrepancies might be a bias
of sampling.
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Figure 4.16: ISI histograms of simulated data following experimental proportion in figure
4.3 and accounting for heterogeneity of each firing pattern. Control condition (left panel)
and cLH condition (right panel).
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Figure 4.17: ISI histograms of experimental data. Control condition (left panel) and cLH
condition (right panel).

Modelling DA activity

In vivo, in addition to the two major activity patterns, tonic and phasic, of the DA neuron,
as previously mentioned in section 2.1.1, three distinct firing patterns of the DA neuron
have been observed.

First, a regular spiking, i.e. a rhythmic single spiking pattern characterized by highly
periodic low-frequency (< 10 Hz) firing. Then, an irregular single spiking pattern char-
acterized by low frequency range (< 10 Hz). Finally, bursts of spikes, usually each burst
is composed of less than 10 spikes, following a regular or an irregular firing.

To reproduce these features, we used the model of (Kuznetsov et al., 2006) with the
parameters of (Lobb et al., 2011) described in section 2.3.4.

By applying constant NMDA and GABA currents, we get regular spiking at a fre-
quency that matches the experimental data (< 10 Hz) (Figure 4.18) whereas if GABA
current is irregular we get irregular spiking (Figure 4.19). Furthermore, if we set constant
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GABA 4 and NMDA currents, but with a stronger NMDA current than in the regular
spiking case, we get regular spiking at a larger frequency, considered by Kuznetsov et al.
(2006) as regular bursting (Figure 4.20). Thus, the firing pattern of this DA neuron
model depends on the balance between NMDA and GABA currents and their shape if
they are constant or irregular. Since higher NMDA currents in this model only induced
higher frequencies of discharge, to simplify, we removed NMDA currents and only study
the impact of GABA current on the DA neuron activity.
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Figure 4.18: Regular spiking at around 2.2 Hz. NMDA and GABA conductances were
respectively set at 28 and 4 pS.cm ™2

40|

S

E o

()

(@)]

8

o)

>-4o, V K‘ |

805 ‘ 2000 ‘ 8000

Time (ms)

Figure 4.19: DA neuron in irregular spiking mode at around 0.5 Hz where there is no
NMDA current and GABA current is irregular with conductance set at 4 uS.cm™2.
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Figure 4.20: DA neuron in regular bursting mode at around 12.5 Hz where constant
NMDA and GABA currents have their conductances respectively set at 400 pS.cm~2 and
4 pS.em™?

Modelling WT and cLH conditions

In order to examine if the DA neuron response is different between control and cLH
conditions, we first generated the activity of 100 LHb neurons. The neuron type among
these two populations was distributed according to experimental data (Figure 4.3), and
we can observe that the number of spikes is higher in cLH condition (Figure 4.21a, b).

Then, using this input in our model, we could see that the DA neuron activity is more
inhibited in cLH condition than control condition, as illustrated with plots of the DA
spiking activity, over 80 repetitions, on figure 4.22a, b.

Furthermore, we tested this result over several values of GABA conductance showing
that cLH condition is always more inhibitory than control condition but this difference is
at its maximum (0.4 Hz) for GABA conductance set at 6 uS.cm™2 (Figure 4.23). For low
and high conductances, inhibition is respectively so low or so high that it affects the DA
neuron in the same way between each condition.
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Figure 4.21: Spiking activity and spike count histograms from a population of 100 LHb
neurons (however, silent neurons have been removed) in control condition (a) and in cLH
condition (b).
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Figure 4.22: Spiking activity and spike count histograms of DA neuron in control condition
(a), and of DA neuron in depression condition (b). Both plots are made over 80 repetitions,
and the GABA conductance is set at 4 S.cm™2. Inhibition by LHb neurons is activated
from 5 to 35 seconds.
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Figure 4.23: DA neuron frequency over GABA conductance, in both control and cLH
conditions. Dots are made over 80 repetitions.

If we count all spikes, including the ones in burst, the firing frequency in cLH condition
is larger than in W'T condition. This observation raises the question of knowing if the
increase of DA neuron inhibition is due to the cLH increased frequency or to the cLH
increased proportion of the burst pattern.

To measure the effect of LHb neurons firing frequency on the DA neuron inhibition,
we defined the frequency as the number of spikes, including the spikes inside bursts.

First, we distinguished each firing pattern of LHb neurons separately, regular spiking,
irregular spiking, regular bursting and irregular bursting (Figures 4.24 and 4.26) and their
effect on DA neuron (Figures 4.25 and 4.27). However, the LHb neurons firing frequencies
are different, it is difficult to discriminate between the pattern and the frequency effect.

To compare them, we modulated the LHb frequency for each of the four LHb neu-
ron activity patterns taken separately, and observed, as expected, that the DA response
frequency decreased when LHb frequency increased (Figure 4.28). However, this figure
also reveals that at a given frequency, the bursting pattern is less efficient to inhibit DA
neuron than the spiking pattern.

The biological interpretation of this model thus suggests that the bursting pattern of
cLH animals inhibits more DA response, not because of their firing pattern but rather
because of the increased frequency, compared to the wild-type animals.

The model confirms that the firing pattern observed in cLH LHb should inhibit more
VTA neurons, explaining a dopaminergic decrease leading to depression. But our model
suggests that the key point is the global firing frequency increase of the cLH, not really
the change of firing mode.
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Figure 4.24: Spiking activity and spike count histograms from a population of 50 regular
spiking LHb neurons, the mean firing frequency is 8.58 Hz (a) and from a population of
50 irregular spiking neurons, the mean firing frequency is 7.29 Hz (b).
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Figure 4.25: Spiking activity and spike count histograms of DA neuron receiving inhibition
from 50 regular spiking LHb neurons, the mean firing frequency is 0.83 Hz (a) and of
DA neuron receiving inhibition from 50 irregular spiking LHb neurons, the mean firing
frequency is 0.9 Hz (b). Both plots are made over 80 repetitions, and GABA conductance
is set at 4 uS.cm™2. Inhibition by LHb neurons is activated from 5 to 35 seconds.
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Figure 4.26: Spiking activity and spike count histograms from a population of 50 regular
bursting LHb neurons, the mean firing frequency is 7.98 Hz (a) and from a population of
50 irregular bursting neurons, the mean firing frequency is 6.81 Hz (b).
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Figure 4.27: Spiking activity and spike count histograms of DA neuron receiving inhibition
from 50 regular bursting LHb neurons, the mean firing frequency is 0.87 Hz (a) and of
DA neuron receiving inhibition from 50 irregular bursting LHb neurons, the mean firing
frequency is 0.91 Hz (b). Both plots are made over 80 repetitions, and GABA conductance
is set at 4 ;S.cm~2. Inhibition by LHb neurons is activated from 5 to 35 seconds.
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Figure 4.28: DA neuron frequency over LHb neurons frequency, with four firing modes.
Dots are made over 80 repetitions, and GABA conductance is set at 4 uS.cm™2.

4.2 Bursting neurons and overexpression of astro-
cytic Kir channel

We showed that the increase of bursting in the cLH increases the VTA inhibition and
leads to depression. Our next question was to find which molecular or cellular mechanism
causes this bursting increase.

To compare habenular protein expression of congenitally learned helpless (cLH) and
wild-type (WT) rats, Hu’s team screened quantitatively the proteins present in the habe-
nula. They identified Kir4.1, an inward rectifying potassium channels, to be highly up-
regulated in the LHb of cLH rats. Western blot analysis confirmed that Kir4.1 had a
significant increase (1.44-fold) in the membrane protein extraction of cLH habenula (Fig-
ure 4.29).
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Figure 4.29: Western blot analysis (on the left) showing up regulation of Kir4.1 protein in
the membrane fraction of cLH habenula compared to WT habenula (n = 9, from 9 rats).
Tubulin is used as loading control. On the right is the fold change of Kir4.1 between W'T
and cLH.

These Kir4.1 channels are found on the membrane astrocyte, not on the neuron.

Besides, this lab discovered, by using viruses to manipulate the Kir4.1 levels in habe-
nular astrocytes, that they were able to elicit depression symptoms in wild type mice.

Indeed, by increasing the level of Kir4.1 channels in the LHb astrocytes of WT rats,
the resting membrane potentials (RMPs) of both astrocytes and neurons were more hy-
perpolarized (Figure 4.30a, b) and the percentage of bursting neurons were significantly
higher (Figure 4.30c). Moreover, the mice with such overexpression of Kir4.1 in LHb
astrocytes displayed severe depressive-like behaviours, including increased immobile du-
ration and decreased latency to immobility in the forced swim test (FST in Figure 4.30d),
and decreased sucrose preference in the sucrose preference test (SPT in Figure 4.30e).
Furthermore, overexpression of Kir4.1 in astrocytes also increased neuronal bursts (not
shown).
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Figure 4.30: Astrocytic overexpression of Kir4d.1 decreases RMPs of both astrocytes (a)
and neurons (b) and increases the bursting population in neurons (c). Green Fluorescent
Protein (GFP) overexpression is used as a control. Behavioural effects of expressing
various viral constructs in LHb in FST (d) and SPT (e). Data are means + s.e.m. *P
< 0.05, **P < 0.01, ***P < 0.001, ****P< 0.0001. Two-tailed unpaired t-test (a, b, d,
e) and Chi-square test (c).

On the contrary, by down regulating the Kir4.1 expression in the cLH habenula, with
interferent RNA, they were able to reverse the depression symptoms. Indeed, knock-
out of Kir4.1 in astrocytes had a global impact on RMPs of neighboring neurons by
depolarizing them (Figure 4.31a, b). Besides, the bursting activity in the LHb of ¢cLH
rats was significantly eliminated by the knock out (Figure 4.31c).

Behaviourally, infection by modified viruses had a pronounced effect on rescuing the
depressive-like phenotypes of cLLH rats in three depression paradigms: reducing the im-
mobility time and increasing latency to immobility in FST (Figure 4.31d), increasing the
bar pressing number in the LHT (not shown), and increasing the sucrose preference score
in SPT (Figure 4.31e).
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Figure 4.31: Short hairpin RNA (shRNA) is an artificial molecule used to silence target
gene. Here, in cLH rats, Kir4.1-shRNA is used to block Kir4.1 channels whereas ctrl-
shRNA is used as a control. Astrocytic subexpression of Kir4.1 depolarizes astrocytes (a)

and neurons (b), and abolished neuronal bursting (c¢). Behavioural effects of expressing
various viral constructs in the cLH LHb in FST (d) and SPT (e).

In agreement with these first results, Hu’s team confirmed that the LHb neurons
were hyperpolarized, by around 5 mV for bursting and spiking modes when receiving
tetrodotoxin (TTX), which prevents neuronal action potentials by blocking sodium chan-
nels. (Figure 4.32b). On the contrary, when they bath applied barium chloride (BaCl?),
which selectively blocks Kir channels, the RMPs of LHb neurons were depolarized, by
around 15 mV for bursting and spiking modes (Figure 4.32a). Moreover th perfusion of
BaClcaused a dramatic increase of firing frequency until the neuron reached a sustained
plateau of a tetanus response and stopped firing (not shown).

Thus, all these experimental results are converging to support the idea that the increase
of Kir4.1 in LHb astrocytes depolarizes both the neuron and the astrocyte and increases
the neuronal burst. The most probable hypothesis would be that the increase of Kir4.1
decreases the extracellular potassium concentration (K ).

To test this idea, Hu’s lab did a current-clamp recordings of LHb neurons in slices,
while lowering K,,; of the bath from 2.75 mM to 1.4 mM. This led to a decreased neuronal
RMP by 13.7 £ 0.5 mV (Figure 4.33a) and to a direct shift of originally tonic-firing neurons
(8 out of 15) into bursting mode (Figure 4.33a), suggesting a causal relationship between
Koy and firing mode.
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Figure 4.32: Changes of neuronal RMPs caused by (a) BaCl? (100uM) or (b) TTX (1uM)
in different neuronal types. RMPs are measured at 15 min or 5 min after perfusion of
BaCl? or TTX, respectively, when the RMPs stabilize. ACSF: Artificial cerebrospinal
fluid.
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Figure 4.33: Lowering K,,; in the bath by half hyperpolarizes neuronal RMPs (a) and
increases bursting neural population (b).

The next step was to show how Kir4.1 overexpression in the astrocyte could lead to
the decrease of K,,; and the hyperpolarization of LHb neurons and astrocytes. To test
plausible explanations, we built a mathematical model of ionic exchange between three
compartments; a neuronal compartment, an astrocytic compartment and the extracellular
space in between (Figure 4.34). This model allows to study theoretically the concentration
variations of sodium and potassium ions in each of these compartments by explicitly
describing their fluxes through Kir4.1 channels, Na/K-pump and voltage-gated sodium
and potassium channels. In addition to those elements of interest, one expects the neuron
or astrocyte plasma membrane to host many other transporters/channels for sodium or
potassium, for example, gap junctions in astrocytes or diffusion between the artificial
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cerebrospinal fluid (ACSF) and the extracellular space in the vicinity of the membranes.
We lump all those fluxes in a single effective flux of the form g.ff, ([X] — [Xo]) where [X]
the ionic concentration of the ion being considered in the compartment being considered
(e.g. K in the extracellular medium of or Na™ in the astrocyte cytoplasm) gess, is the
rate of this effective flux and [Xo] is the concentration expected at equilibrium when all
fluxes vanish. In the model, we considered only Kir4.1 channels wrapping the soma of
the neuron and not the dendrites, this distinction is important since these channels can
directly modulate the excitability of the neuron. Furthermore, Hu’s team has observed
with electro-microscopy that the majority of LHb Kir4.1 channels were around the neural
soma.

Astrocytic
Process

. Na*/K* Pump

. Leak Channel

. Kir4.1

Neuronal
Soma

Figure 4.34: Scheme of the mathematical model used to study potassium (KT) and
sodium (Na™) exchanges between an astrocyte and a neuron of the LHb. The model
explicitly accounts for Kir4.1 currents in the astrocytes, around the neural soma and
at the astrocyte end feet toward blood vessels, as well as Na/K pumps (neuron and
astrocyte), and voltage-gated potassium and sodium channels (neuron).

4.2.1 Modelling the tripartite synapse with Kir channels

The evolution of potassium and sodium concentration in the extracellular medium ([K]o
and [Na]o, respectively), are modified from Sibille et al. (2015) and given by:

d[K]o Ticir . I .
it~ FxVolp  2mmea vl ~ M = Get g s X ([0 = Koldlala)
d[NCL]O . [Na .
di = 3lpumpA + FX—‘/OZO + 3ZpumpN (43b)

— Geff-Nage: X ([NaJo — Naguro)

where ;. is the current from the Kir4.1 channels in the astrocyte membrane, #pymp,
and ipymp, are the fluxes through the Na/K pump of the astrocyte and neuron membrane,
respectively and I is the current from the neuronal voltage-gated potassium channels.
The parameters Volp, Vols and Voly are the volumes of the extracellular, astrocytic
and neuronal compartments respectively. We modelled all these currents using classical
formulations available in the literature, as described in section 2.4.4. Parameter values
and descriptions are given in table A.6.
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The evolution of potassium and sodium concentration in the neuron ([K|y and [Na]y,
respectively), are given by:

d[K]n Ik . Volo
B Fx Voly e X e = Gersain X ((Kly = Kno) - (442)
d[Naly _ v 2 " Volo
dt~ FxVoly ~ """ Voly (4.4b)

= GeffNay X ([Na]xy — Nay o)

and for the astrocyte ([K]4 and [Na]a, respectively), one gets:

d[K]a Irciy Txcir . Volo
— . vess 2 " ryYo ) K - K 5a
dt FxVols ~ Fx Vel T oo X 7or = gessia ¥ ([K]a = Kali}52)
d[Na]A . VOZO
G = " Stmes X 370 GergNay X ([Nala = Naao) (4.5b)

Our model also accounts for the membrane voltage of the astrocyte and neuron com-
partment that we modelled using the classical Hodgkin-Huxley formalism, except that, to
take into account the changes of potassium and sodium concentrations, we used Nernst
potentials that vary according to the current concentrations of ions across the membrane

(see section 2.4.4). For instance, the Nernst potential for potassium in the neuronal
[K]o(t))

membrane was updated at each time step as % X In(

[Kln(t)/
The membrane potential of the neuronal compartmerllvt was thus given by:
%
CNd—;V = —Ina — I — Ly + Loy (4.6)

where [;y is the leak current of the neuronal membrane and I,,, is an injected current.
Likewise, the membrane potential of the astrocyte compartment was modelled as

CAdd& = —Ixir — IKiryeeo — l1a (4.7)
t

where we distinguished the Kir4.1 flux between the astrocyte and the extracellular
compartment facing the neuronal soma, I, from that between the astrocyte endfeet
and the blood vessel, ki vessei-

We modelled all the currents in the above equations using classical formulations avail-
able in the literature. These formulations are described in detail in the following section.
The model (eq 1-8) was solved numerically with an explicit Runge-Kutta Prince-Dormand
8th-9th order method with the GSL library in cython and python. Parameter values and
descriptions are given in Table A.6. Initial conditions were set to the equilibrium value
of each variable, as given in Table A.5.

Modelling neuronal activity

The dynamics of the neuronal membrane potential follow the classical Hodgkin Huxley
(HH) equations (Abbott and Kepler, 1990) (Gerstner and Kistler, 2002):

Ina = gnam®h X (Vv — Vivay) (4.8a)
Ik = gen* (Vv — Viey) (4.8b)
CC‘Z_?Z = (V) % (1 =) — Bu(Vir) x 1 (4.8¢)
O Vi) % (1= m) = (Vi) x m (4.84)
% — (Vi) x (1= h) — Bu(Vi) x h (4.8¢)
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with rate equations from the HH model (Abbott and Kepler, 1990)

an(V) = 0.01— ezp+(—55v o (4.92)
5u(V) = 0125 exp(——-00) (4.9)
an(V) = 01— ;j(_‘*% =iy (4.9¢)
(V) = dexp(— ) (4.9d)
an(V) = o.o7exp<—v2+065) (4.9¢)
Bu(V) ! (4.9f)

1+ exp(—%)

Vi, and Vi, are respectively the (time-dependent) K+ and Nat Nernst potentials
and are given by the Nernst equations:

Vivay = %m ([[x Z]]JOV) (4.10a)
Viey = %m (5;]2 ) (4.10b)

To complete the description of all the neuronal currents, we add a leak current:

Ly = g1y (Vv = Vi) (4.11)

Modelling astrocytic activity

To take into account the K+ dynamics in the astrocyte, we used the biophysical model
of the Kir4.1 channel from (Sibille et al., 2015):

(Ko

Va+Viesta—Vi 4, +Vi
1+ exp( T— )

(VA + ‘/restA - VKA) (412)

]Kir - GKir

I corresponds to the current through the astrocyte membrane facing the neural
soma. We distinguish it from the Kir current between the astrocyte endfeet and the
blood vessel:

V K’UGSS

‘[Kirvess = GKiT’Uess VA+VrestA_VK +Vh X (VA + ‘/;"€StA - VKA,’U&SS) <413)
1 + eXp( A A_vess

where Vi, and Vi, are respectively the KT and Na™ equilibrium potentials and
are given as above by:

Vic, = %ln ng ) (4.14a)
Viey o = g (1) (4.140)

The astrocyte membrane potential equation also comprises a leak term:

Ly = g91,(Va = Vi) (4.15)
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Na/K pump for the neuron and the astrocyte

The K resting concentrations in neurons and astrocytes are maintained by Na/K pumps
to counterbalance the outward K and inward Na™ fluxes (Sibille et al., 2015)

kna

bpumpy = Imazy X (1+ [K]o)_2 x (14 [NCL]N)—3 (4.16a)
kmk kna

' =1 1+ )2 1+ —)3 4.1

Z107“7"01014‘5 bmax 4 X ( + [K]O) X ( + [NCZ]A) ( 6b)

with the Na™ equilibrium potentials given by the Nernst equation

_En [Na]o
Vivas =~ ([NQ]A) (4.17)

Parameter estimation of Kir current

Parameters values have been initially taken from Sibille et al. (2015), Abbott and Kepler
(1990) and Gerstner and Kistler (2002). However they have all been adjusted manually to
fit qualitative experimental results, see table A.5 and table A.6. Indeed, we did not have
experimental data of all fluxes involved, such as the dynamics of potassium, sodium and
calcium currents, neither in neuron nor astrocyte of the habenula. Hence, we keep values
from previous models and modified them to reproduce experimental resting membrane
potential in different conditions.

Nevertheless, Hu’s team could record the Kir current while fixing the astrocytic voltage
and the extracellular potassium concentration, so we could fit the equation 4.12 with the
least square minimization algorithm, knowing V4 and Ig;,, at constant [K|o and fitting
on the four parameters Gk, Vi, Vi and Vs, (Figure 4.35).
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Figure 4.35: Experimental and fit data. Kir current measured in astrocytes by Hu’s team
and fitted with the equation of I, with Gk, = 12nS, V, = 178.46mV, V, = 119.4TmV
and Viest, = —10mV.
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4.2.2 Results: the impact of Kir channels on the neural resting
membrane potential

The constantly released potassium from intrinsically active LHb neurons is quickly cleared
by astrocytes through a Kir4.1-dependent mechanism, indeed, if we remove Kir4.1 cur-
rents, by setting its conductance to zero, we can see that when the neuron discharge,
the extracellular potassium concentration increases twice higher (Figure 4.36). There is
a clear action of the Kir4.1 to remove potassium from the extracellular compartment,
because without it, the same neural activity releases much more K,,;.

N
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Figure 4.36: Comparison of two Kir4.1 conductances on extracellular potassium concen-
tration when the neuron is firing. Ctrl: control condition with 1x G, conductance;
BaCl: Gk conductance set to zero. The vertical black arrow marks the beginning of
neural stimulation at 0.5Hz.

In cLH condition, there are more Kir4.1 channels than in WT condition (Figure 4.29),
hence we expect from our simulation a stronger clearance of extracellular potassium.
Indeed, in our model, we could obtain this decrease of extracellular potassium concentra-
tion (K,,) when the neuron is firing, by multiplying the Kir current conductance by two
(Figure 4.37a). When the neuron is not firing, the Kir current is positive, meaning that
potassium ions leave the astrocyte, however, when the neuron fires and the extracellular
potassium concentration increases, the Kir current is reversed, it becomes negative (Figure
4.37b) and potassium enters the astrocyte through Kir channels. Since the conductance
is higher in depression condition, more potassium enters in cLH condition (Figure 4.37a).

Besides, during firing activity, both the neuron and the astrocyte are hyperpolarized
when the model emulates depression condition (Figure 4.38) supporting the experimental
results (Figure 4.30a, b). The neural RMP shifts from -47 mV to -53 mV in the model
and from around -42 mV to -52 mV in the experimental data whereas the astrocytic RMP
shifts from -69 mV to -74 mV in the model and from around -70 mV to -75 mV in the
experimental data.
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Figure 4.37: Comparison of two Kir4.1 conductances on extracellular potassium concen-
tration (a) and Kir current (b) when the neuron is firing. Ctrl: control condition with 1x
Gkir conductance; Depr: depression condition with 2x Gg;,. conductance. The vertical
black arrow marks the beginning of neural stimulation at 0.5Hz.

a b
v v

— ctrl -66 — Cirl
— Depr

—~ a5 S

>

E % -70

z o

(9] (o))

g 2 n

S S

> O

5 55 2

3 S

2 3 -78

0 40 80 120 0 40 80 120

Time (s) Time (s)

Figure 4.38: Comparison of two Kir4.1 conductances on neuronal membrane potential (a)
and astrocytic membrane potential (b) when the neuron is firing. Ctrl: control condition
with 1x Gy conductance; Depr: depression condition with 2x Gk, conductance. The
vertical black arrow marks the beginning of neural stimulation at 0.5Hz. Neuronal spikes
are not shown for clarity of presentation.

In the experiments, the blockade of Kir4.1 channels by BaCl depolarizes neuronal
RMPs (Figure 4.32a). Moreover, this blockage should compromise potassium spatial
buffering, resulting in increased extracellular potassium (K,,;), but this assumption is
really difficult to test experimentally. However, we could test it in our model by reducing
the conductance associated to Kir current to zero when the neuron was firing. As expected,
blocking Kir4.1 channels (BaCl condition in figure 4.39b) increases K, (from 6 mM to
16 mM, BaCl condition in figure 4.39a). Besides, it depolarizes both the neuron and the
astrocyte (BaCl condition in figure 4.40a, b). The neural RMP depolarizes of around

20 mV in the model and it is around the same for both bursting and spiking neurons in
experimental data.
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4.2. Bursting neurons and overexpression of astrocytic Kir channel 107

On the contrary, blocking sodium channels with TTX in the neuron hyperpolarizes
both the neuron and the astrocyte (Figure 4.32b) and should reduce extracellular potas-
sium concentration.

In our model, TTX condition reduced by 4% the conductance of sodium channels
and it is enough to decrease extracellular potassium concentration (from 6 mM to 5 mM,
Figure 4.39a), correlated with a decrease of Kir current (from -30 pA to -20 pA, Figure
4.39b). Besides, as expected, it hyperpolarizes both the neuron and the astrocyte (TTX
condition in figure 4.40a, b). The neural RMP hyperpolarizes of around 5 mV in the
model and it is around the same for both bursting and spiking neurons in experimental
data.

Thus, our study confirms that the increase of Kir4.1 diminishes K,,; concentration
and shows RMPs changes in the neuron and the astrocyte identical to experimental mea-
sures. However, it is still not clear how the decrease of K,,; concentration hyperpolarizes
the neuron and leads to switching from spiking neurons to bursting neurons. There is
no explanation yet and it is difficult to tune a model since LHb neurons are not well
electrophysiologicaly characterized.
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Figure 4.39: Comparison of TTX and BaCl?applications in silico on extracellular potas-
sium concentration (a) and Kir current (b) when the neuron is firing at 0.5 Hz. TTX
application consists, here, in a reduction of 4% of neural sodium conductance whereas
BaCl?application sets Kir conductance to zero. The vertical black arrow marks the be-
ginning of TTX or BaCl applications.

Cette these est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LY SEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



Chapter 4. Computational model of Habenula in the context of major depressive

108 disorder
a b
v v
-~ S
S
5 £
= <
s  gac 5 90  gac
S 45 - > — "
3 =
S g
> ©
S 3
=1 o
s -70
2 -55 3
0 40 80 120 0 40 80 120
Time (s) Time (s)

Figure 4.40: Comparison of TTX and BaCl?applications in silico on neuronal membrane
potential (a) and astrocytic membrane potential (b) when the neuron is firing at 0.5
Hz. TTX application consists, here, in a reduction of 4% of neural sodium conductance
whereas BaCl?application sets Kir conductance to zero. Neuronal spikes are not shown
for clarity of presentation. The vertical black arrow marks the beginning of TTX or BaCl
applications.
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5. A computational model of STDP modu-
lation by dopamine

Synaptic plasticity is the capacity of synapses to adjust their efficiency depending on
synaptic events. It is a phenomenon at the basis of memory and learning (Martin et al.,
2000), which relies on a complex molecular network. Spike-timing-dependent plasticity
(STDP) is an experimental protocol way to explore it (see section 2.5.1). This project con-
sisted in developing computational models to study the bidirectional interactions between
dopamine and intracellular calcium dynamics in STDP. These models integrate several
molecular signalisation pathways, such as endocannabinoids (eCB) and their interaction
with dopamine. The goal is to predict, from STDP stimulation parameters, the orienta-
tion (LTP or LTD) and amplitude of the synaptic plasticity at the cortico-striatal synapse.
Such a predictive function would let us study pathological conditions such as Parkinson’s
disease. Therefore, we were particularly interested in modelling striatal dopaminergic
neurons.

Our approach was to combine two existing computational models, reproducing exper-
imental known results on synaptic plasticity and its timing. One model was developed
in our team and describes endocannabinoid-dependent and NMDAR-dependent STDP at
the cortico-striatal synapse (Cui et al., 2016). The other one is developed by our col-
leagues in Blackwell’s team, in George Mason University, Fairfax, VA, USA. It describes
the effects of dopamine on the signaling pathways involved in synaptic plasticity.

The initial goal was to tune this model with new experimental results from Venance’s
team using a calcium analysing device. It is a microscope allowing to obtain calcium
concentration imagery, in particular in the dendrites and the soma of MSN in slices.
Unfortunately, it was a new device and its tuning needed more than two years, so we could
not have access to these experimental results. However, we precalibrated the model to
reproduce previous experimental results. The model is now ready for a proper calibration
as soon as experiments of measures become available.

5.1 Computational models used in this project

5.1.1 A computational model of STDP at the corticostriatal
synapse

The computational model of Cui et al. (2016) was developed to study the mechanisms of
bidirectional eCB-dependent STDP at corticostriatal synapses. It allows to demonstrate
that STDP outcome is controlled by eCB levels and dynamics. Prolonged and moderate
levels of eCB lead to eCB-mediated long-term depression (eCB-tLTD) while short and
large eCB transients produce eCB- mediated long-term potentiation (eCB-tLTP).

The calcium/calmodulin-dependent protein kinase II (CaMKII) plays a key role in
the induction of tLTP modifications following calcium entry. It has been integrated
in the Cui et al. (2016) model by using a detailed biochemical model of the CaMKII
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110 Chapter 5. A computational model of STDP modulation by dopamine

autophosphorylation pathway and the protein signaling cascade governing the CaMKII
dephosphorylation (Graupner and Brunel, 2007). This model presents two stable states
of the CaMKII phosphorylation level at resting intracellular calcium concentration, and
high calcium transients can switch the system from the weakly phosphorylated (down)
state to the highly phosphorylated (up) state of the CaMKII (Figure 5.1). The change
of post-synaptic weight is proportional to the phosphorylated CaMKII fraction. Tran-
sitions between those two states emulate transitions between no plasticity (down state)
and tLTP (up state). The CaMKII phosphorylation is mainly due to calcium entrance
by NMDAR and the activation of calmodulin, then CaMKII (Figure 5.1). Hence, it
is a NMDAR-dependent tLTP occurring only for small post-pre pairings time intervals
(around Atgsrpp = —15 ms) and for more than fifty pairings.

This model also features a pathway for the endocannabinoid signalisation, in which
PLCp gives DAG and then some 2AG which activates endocannabinoid receptor 1 (CB1R)
(Figure 5.1).

On the one hand, the NMDAr to CaMKII pathway accounts for tLTP through calmod-
ulin, PKA, CaN and PP1 (Figure 5.1). On the other hand, the eCB system accounts for
tLTD and tLTP (eCB-STDP) through mGluR5, PLCA, DAGL, MAGL, DAG-Kinase,
calcium-induced calcium release (IP3R channels, SERCA pumps), IP3 dynamics (PLCd,
PI3K), VSCC, TRPVIR and CBI1R (Figure 5.1). Calcium-induced calcium release (CICR)
takes into account the dynamics resulting from calcium exchange with internal calcium
stores.

The mechanism proposed by this mathematical model to account for this eCB-STDP
is the following: eCB-tLTD requires moderate levels of CB1R activation, which can be
reached with pre-post pairings; eCB-tLTP demands higher levels of CB1R activation that
are reached only with 5-30 post-pre pairings. Beyond 30 post-pre pairings, calcium efflux
from the internal calcium stores decreases while in parallel CB1R desensitization increases.
CBIR activation becomes insufficient to maintain the elevation of the synaptic weight, so
that eCB-tLTP vanishes.

This model is non spatial, it contains around 30 ordinary differential equations (ODESs)
and 185 parameters to express the cinetics of each signaling pathway actor with the law
of mass action.

Hence, this mathematical model is able to predict the weight change when any of the
STDP parameters is varied, that is, not only the spike timing, but also the number of
pairings and the frequency. Nevertheless, this model does not involve the dopamine to
explain these results and hence, does not make the link with the reward system of the
basal ganglia.
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Figure 5.1: Scheme of the modelled signaling network of Cui et al. (2016). The NMDAR-
based pathway sets Wpost as the phosphorylation state of postsynaptic CaMKII. In the
second pathway, coincident activation of phospholipase C3 by postsynaptic mGluR and
calcium entry via VSCC and TRPV1 induces the production of 2-AG and AEA. 2-AG,
and to a lower extent AEA, activates CB1R (xCBI1R is the fraction of non-desensitized
CBI1R), which then modulates the presynaptic weight, Wpre. Color code: glutamate
receptors: dark blue; PLC pathway: yellow; IP3 pathway: powderblue; calcium path-
ways: green (green disks indicate calcium-dependent steps); DAGL«a pathway: lavender;
AEA pathway: light blue; CB1R pathway: blue. Abbreviations: PIP2: phospatidyli-
nositol 4,5-biphosphate; DAG: diacylglycerol; IP3: inositol-1,4,5-triphosphate; PLC/3/4:
phospholipase C (3/§; DAGK: diacylglycerol kinase; IP-5P: inositol polyphosphate 5-
phosphatase; IP3K: TP3-kinase; DAGLa: diacylglycerol lipase «;B/BCa: free/bound en-
dogenous calcium buffer; IP3R: IP3-receptor channel; SERCA: sarcoplasmic/endoplasmic
reticulum calcium ATPase; CaER: calcium in the endoplasmic reticulum; (Ca)4CaM: fully
bound calmodulin; CaN: calcineurin aka PP2B; PKA: protein kinase A; I1p/I1: phospho-
rylated /unphosphorylated protein phosphatase 1 inhibitor 1 (equivalent to dopamine-
and cAMP-regulated neuronal phosphoprotein (DARPP-32) in striatal output neu-
rons); PP1:protein phosphatase 1; pCaMKII/CaMKII: phosphorylated /unphosphorylated
CaMKII; DAGK: diacylglycerol kinase; MAGL: monoacylglycerol lipase; the ’..." sign in-
dicates transformation into products that are considered not to interfere with the other
interactions of the model.

5.1.2 Computational model on synpatic plasticity including dopamin-
ergic pathway

The computational model of Blackwell’s team represents a synthesis of the models pre-
sented by Oliveira et al. (2012) and the model presented by Kim et al. (2013) (Figure
5.2). It is a spatial approach using the neuroRD software available on github, hence, it is
not constituted of ODEs but rather on the terms of the spatial Gillespie algorithm.

On neuroRD, Oliveira et al. (2012) set up a large scale stochastic reaction-diffusion
model (spatial) of the signaling pathways in a medium spiny projection neuron dendrite
with spines, based on published biochemical measurements. The model was stimulated
with dopamine pulses mimicking those recorded in response to reward. In the model,
dopamine leads to the production of cAMP and activation of protein kinase A (PKA),

Cette these est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2018LY SEI028/these.pdf
© [A. Foncelle], [2018], INSA Lyon, tous droits réservés



112 Chapter 5. A computational model of STDP modulation by dopamine

which are involved in striatal synaptic plasticity and learning. Simulations show that PKA
leads to phosphorylation of DARPP-32 on Thr34, a molecule mediating the interaction
of several pathways.

Furthermore, in striatal medium spiny neurons (MSNs), both long term potentiation
(LTP) and long term depression (LTD) require an elevation in intracellular calcium con-
centration. On neuroRD, Kim et al. (2013) implemented a spatial stochastic model of
the post-synaptic signaling pathways in a dendrite with one or more diffusionally cou-
pled spines and validated it by comparison to experiments. The model used Gq coupled
pathways to investigate several calcium temporal pattern showing that patterns produc-
ing LTP activate more protein kinase C (PKC) than patterns producing LTD. Hence, all
these signaling pathways complement the model of Oliveira et al. (2012).

Blackwell’s model accounts for the fact that dopamine- and cAMP-regulated neuronal
phosphoprotein (DARPP-32) sees its Thr34 phosphorylation increased in the presence of
simultaneous dopamine and calcium transients (Lindskog et al., 2006). Hence, the model
involves dopamine D1R coupled pathways, with the activation of Gs subtype of GTP
binding protein, leading to cAMP, PKA and Epac (Figure 5.2). Also, it involves calcium
activated pathways, leading to PP2B and metabotropic glutamate mGluR1/5 coupled
pathways, with the activation of Gq subtype of GTP binding protein, leading to PLC
and DAG (Figure 5.2). Besides, this model accounts for the effect of glutamate receptors
(NMDAR and mGluR), muscarinic acetylcholine receptors (M1R, Gq coupled) and (M4R,
Gi coupled) and dopamine receptors (D1R).

Thus, this spatial computational model simulates the signaling pathways underlying
striatal LTP and LTD, in particular, the dopamine pathway, allowing to explore rewards
processes. However, this model accounts for frequency-dependent plasticity, not STDP
(t-LTP and t-LTD).
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Figure 5.2: Scheme of the modelled signaling network of Blackwell’s team. Color code:
receptors: dark blue; PLC and IP3 pathways: gray; calcium pathways: green (green disks
indicate calcium-dependent steps. Abbreviations: PKc: protein kinase C; PDE: phospho-
diesterase; PP2A: protein phosphatase 2A; PP2B: protein phosphatase 2B or calcineurine;
CdK5: Cyclin-dependent kinase 5; D32p34: DARPP32 phosphorylated at Thr34; D32p75:
DARPP32 phosphorylated at Thr75; see figure 5.1 for other abbreviations.

5.1.3 Computational model of STDP synaptic plasticity includ-
ing the NMDAR, the endocannabinoid system and the D1
dopaminergic pathway

In order to gather properties and results of these previous models, mainly the NMDAR
and theendocannabinoid system of Cui et al. (2016) and the dopaminergic system of
Blackwell’s team, we set up a computational model of ordinary differential equations
(Figure 5.3). We started from the Cui et al. (2016) model and we modified it with the
one of Blackwell’s team. Hence, we kept the eCB system, the calcium dynamic with CICR
and equations accounting for CaMKII (Cui et al., 2016) then, we added dopamine and
acetylcholine inputs and the signaling pathways associated to PKA, PKC, DARPP-32
and PP2B pathways from Blackwell’s model. With the law of mass action, we translated
the reaction of the Blackwell’s model in ODEs.

Furthermore, we had to make some modelisation choices and adjust some parameter
values to keep a global coherence in the model. For example, for the production of DAG
and IP3 catalysed by PLCS, we replaced the Blackwell’s model by the equations of the
model of Cui et al. (2016). Besides, to keep the Michaelis-Menten approximation used by
Graupner and Brunel (2007) to describe dephosphorylation of CaMKII, the PP1 enzyme
concentration must be present in small amounts compared to the substrate, the CaMKII
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114 Chapter 5. A computational model of STDP modulation by dopamine

phosphorylated subunits. The whole model is described in appendix, all equations and
reactions in table A.1, parameters description in table A.1.4 and initial conditions de-
scription in table A.1.5.
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Figure 5.3: Scheme of our modelled signaling network. This scheme is equivalent to
the scheme 5.1 except that we added dopaminergic and muscarinergic receptors and we
replaced the pink network of CaMKII by the red one from scheme 5.2. Colors and abbre-
viations are the same as in figures 5.1 and 5.2.

Our system was quite large with around 170 ODEs and 550 parameters. Numerical
resolution used an explicit embedded Runge-Kutta Prince-Dormand (8, 9) method, mean-
ing that it uses a Taylor’s development at the eighth and the ninth degrees and depending
on the equation stiffness, the timestep size is adapted. By default, we used a timestep of
1 ms but its size depends on the relative and absolute error values acting as thresholds.
Indeed, if between two points there is a high discontinuity, the absolute and error values
are high and the algorithm has to reduce the timestep to pass the threshold condition.

We chose GSL libraries with cython, an interface between C and python, to have
efficiency and access to several numerical algorithms. We also tested the explicit embedded
Runge-Kutta-Fehlberg (4, 5) method and found similar results.

Several definition of plasticity in computational models

In all these computational models, one difficulty is to define when the system presents
t-LTD, t-LTP or no plasticity. In their model, Cui et al. (2016) chose to use the bistable
property of CaMKII, between a down state where CaMKII is inactive and an up state
where CaMKII is highly activated. Indeed, a system of equation can present several
equilibrium states, meaning that for the same set of parameters and variable values,
one variable can reach different stable steady-states, for example, for the same calcium
concentration the concentration of phosphorylated sub-units of CaMKII could either be
high or low, both states being stable. Transitions between those two states therefore
emulate transitions between no plasticity (down state) and NMDAR-tLTP (up state)
(Cui et al., 2016).
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In the same idea, we studied this kind of property in a simplified version of our
system of equations, with around 20 ODEs. We used bifurcation diagram with XPPAUTO
software or PyDSTool and PyCont, a version developed for python.

Although these analyses were very instructive to get a global picture of the dynamics
of our system and to tune the model parameters in order to keep this bistable property
in a realistic range for t-LTD and t-LTP, they were computationnally quite heavy.

Hence, we used another way to study our system bistability, over a variable of interest,
is to find a cycle of hysteresis. First, the system has to present two stable states at different
values of the variable of interest. Then, starting from one stable state, the variable of
interest has to evolve slowly until it reaches the value of the second stable state. If the
system stayed in the first stable state whereas the variable of interest has the same value
as in the second stable state, then, the system is bistable. This method avoids a lot of
calculation such as in the bifurcation process, because it needs only to let the system
converge twice (one for each stable state) and simulate the transition from one to the
other by changing slowly the value of the variable of interest.

For example, in the simplified version of our model, there were two stable states (Up
and Down). Starting from the Down state, then increasing calcium concentration and
slowly diminishing it until it reaches the one of the Down state again shows that the
system stays in the Up state. Therefore, the system is bistable since for the same value
of calcium there are two stable states Up and Down (Figure 5.4).

Nevertheless, although this method was quite efficient, when we complexified our
model with 170 ODEs, we lost this bistability property of CaMKII. Hence, in order
to characterize t-LTD and t-LTP, we used threshold values on the concentration of phos-
phorylated CaMKII sub-units, as in Blackwell’s model.
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Figure 5.4: Calcium concentration pre-defined trace to navigate through the hysteresis
cycle, with a slow descent from 1.75 to 3.75 seconds (Left panel) Corresponding evolution
of the concentration of phosphorylated units of CaMKII in a simplified version of the
model, alternating between Up and Down stable states (Right panel).

5.2 Results

First, with the eCB system in our model, we could reproduce eCB-tLTP and eCB-tLTD,
for Atsrpp = —15 ms and Atgrpp = 15 ms, respectively, by adjusting thresholds of LTD
and LTP areas.

Hence, we assume as in Cui et al. (2016), that eCB-tLTD requires moderate levels of
CBI1R activation, which can be reached with 40-50 pre-post pairings (Atsrpp = 15 ms),
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at 1 Hz, whereas eCB-tLTP demands higher levels of CB1R activation that are reached
only with 5-30 post-pre pairings (Atsrpp = —15 ms), at 1 Hz (Figure 5.5). Thus, we
obtained a eCB-tLTP for 5-30 post-pre pairings and a eCB-tLTD for more than 50 pre-
post pairings, as in experiments.

These results were independent of the presence or not of dopamine on the post-synaptic
neuron. Dopamine has rather an effect on the concentration of phosphorylated CaMKII
sub-units, and hence, on NMDA-LTP. Comparing post-pre spiking (Atgrpp = —15
ms) with or without tonic dopamine, we can observe on figure 5.6 that in presence of
dopamine we could obtain NMDA-tLTP (in blue) when the phosphorylated CaMKII sub-
units concentration passes