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Résumé

La dopamine est un neurotransmetteur important dans le fonctionnement des ganglions

de la base, région du cerveau impliquée dans la fonction motrice et l’apprentissage. Un

dérèglement de la dynamique de la dopamine peut être à l’origine de différentes pathologies

neurologiques, telles que la maladie de Parkinson et le trouble de déficit de l’attention avec

ou sans hyperactivité (TDAH). La lévodopa, un précurseur de la dopamine, est utilisée pour

réduire les symptômes associés à la maladie de Parkinson, sans action directe sur ses causes.

La lévodopa est très efficace au début de la maladie, mais la durée de son effet ainsi que son

index thérapeutique diminuent avec la progression de la dénervation induite par la maladie.

Ces changements compliquent considérablement l’optimisation des régimes posologiques. Le

méthylphénidate, quant à lui, est administré pour réduire les symptômes du TDAH et agit

entre autres en bloquant la recapture de la dopamine. Bien que les données confirment une

certaine implication de la dopamine dans le TDAH, son étiologie exacte demeure inconnue.

Peu d’études ont cerné l’effet de la lévodopa sur le système dopaminergique des gan-

glions de la base et son évolution avec la progression de la maladie. Aussi, bien que le TDAH

ait suscité beaucoup d’intérêt, rares sont les études quantitatives de nature mécanistiques

sur le sujet. L’approche de modélisation mathématique utilisée dans cette thèse s’inscrit

dans un effort global visant l’optimisation de la lévodopa et du méthylphénidate, appuyé

par l’élucidation des mécanismes impliqués dans la maladie de Parkinson et dans le TDAH.

En adoptant une approche de pharmacologie quantitative des systèmes (QSP), nous avons

développé un modèle intégratif du système dopaminergique des ganglions de la base, avec

l’objectif d’élucider les mécanismes impliqués, d’évaluer l’impact de la dopamine chez des
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sujets souffrant de Parkinson ou de TDAH, et recevant ou non un traitement, et enfin de gui-

der objectivement l’exercice d’optimisation des régimes posologiques. À notre connaissance,

c’est le premier cadre unificateur de modélisation qui s’adresse à ces deux pathologies.

Le modèle développé dans cette thèse est composé de trois sous-modèles : le premier dé-

crit la pharmacocinétique du médicament concerné, soit la lévodopa ou le méthylphénidate ;

le deuxième exprime mathématiquement les différents mécanismes impliqués dans la dyna-

mique de la dopamine ; le troisième représente la complexité de la neurotransmission dans les

ganglions de la base. Avec des adaptations appropriées, nous avons appliqué ce même modèle

au contexte de la maladie de Parkinson et au TDAH, ainsi qu’à leurs thérapies respectives.

Pour représenter physiologiquement la maladie de Parkinson, nous avons intégré dans le

modèle l’évolution de la perte neuronale ainsi que les différents mécanismes de compensation

qui en résultent. La fréquence de tapotement des doigts est utilisée comme mesure clinique

de la bradykinésie, définie comme le ralentissement des mouvements chez les patients parkin-

soniens. Le modèle développé se base sur les connaissances actuelles de la pathophysiologie

et pharmacologie du Parkinson, assurant ainsi sa validité en comparaison à des observations

expérimentales et cliniques. Ensuite, à l’aide de ce modèle, les relations non-linéaires entre

la concentration plasmatique de lévodopa, la concentration en dopamine dans le cerveau et

la réponse à une tâche motrice sont étudiées. Le rétrécissement de l’index thérapeutique de

la lévodopa au cours de la progression de la maladie dû à ces non-linéarités est investigué.

Enfin, pour assurer l’aspect translationnel de notre approche, nous avons développé une ap-

plication web à laquelle ce modèle a été intégré. Cette application sert de preuve de concept

à un outil facilitant l’optimisation et l’individualisation des régimes posologiques.

Pour l’étude du TDAH, nous avons adapté le modèle du système dopaminergique en

y intégrant la libération tonique et phasique de la dopamine, cette dernière se produisant

durant une tâche d’apprentissage par renforcement. Des individus virtuels ont été créés avec

et sans déséquilibre du ratio tonique/phasique de la dopamine. En simulant une tâche de
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réponse à des stimuli dans un contexte de déséquilibre de la dopamine, le modèle nous a

permis d’observer des symptômes similiaires à ceux de patients réels souffrant de TDAH.

Finalement, la réponse au méthylphénidate résultant de l’inhibition de la recapture de la

dopamine, à travers différents scénarios d’apprentissage a aussi été étudiée. Le développe-

ment d’une métrique nous a permis de différencier les répondants des non-répondants, et

ainsi de mettre en évidence l’implication possible d’un apprentissage excessif chez les non-

répondants. Une meilleure compréhension de la réponse au méthylphénidate permettrait

d’éviter la surmédication chez les non-répondants et d’aider les cliniciens dans leur pratique.

Malgré la complexité du système dopaminergique et des traitements associés, cette thèse

est un pas en avant dans la compréhension des mécanismes sous-jacents et de leur implication

dans la thérapie. Ces avancées ont été réalisées en adoptant une approche de pharmaco-

logie quantitative des systèmes, associée à une modélisation neurocomputationnelle du

domaine du génie électrique, et complétée par un aspect de transfert au chevet du patient.

Ce n’est qu’en transcendant ainsi les frontières disciplinaires qu’une visée aussi globale et

intégrative est possible, afin de faire face aux défis multidimensionnels du système de la santé.

Mots-clés : Pharmacologie quantitative des systèmes (QSP), pharmacométrie, ganglions

de la base, système dopaminergique, Parkinson, lévodopa, TDAH, méthylphénidate.
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Abstract

Dopamine is an important neurotransmitter of the basal ganglia, a region of the brain

involved in motor function and learning. Disruption of dopamine dynamics can cause various

neurological conditions, such as Parkinson’s disease and attention deficit hyperactivity dis-

order (ADHD). Levodopa, a dopamine precursor, is used to reduce the symptoms associated

with Parkinson’s disease, without directly alleviating its causes. Levodopa is very effective

in the early stages of the disease, but its effect duration along with its therapeutic index

decrease with disease-induced denervation. These modifications further challenge determi-

nation of optimal dosing regimens of levodopa. In the case of ADHD, methylphenidate is

administered to reduce its symptoms by, among other things, blocking dopamine recapture.

Although evidence supports involvement of dopamine in ADHD, its exact etiology remains

unknown.

Few studies have investigated the effect of levodopa on the basal ganglia dopaminergic

system and how it evolves with disease progression. Also, although ADHD has received a

lot of interest, few quantitative studies of a mechanistic nature have been conducted on the

subject. The mathematical modeling approach used in this thesis is part of an overall effort

to optimize levodopa and methylphenidate, supported by the elucidation of the mechanisms

involved in Parkinson’s disease and ADHD. Using a quantitative systems pharmacology

(QSP) approach, we have developed an integrative model of the basal ganglia dopaminergic

system, with the objective of elucidating the mechanisms involved, assessing the impact of

dopamine in subjects with Parkinson’s or ADHD, with and without treatment, and objec-

tively guiding the dosing regimens optimization. To the best of our knowledge, this is the
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first unifying modeling framework that addresses at the same time these two pathologies and

their therapies.

The model developed in this thesis includes three sub-models: the first one describes

the drug pharmacokinetics, either levodopa or methylphenidate; the second one translates

mathematically the different mechanisms involved in the dopamine dynamics; the third one is

a computational representation of the complexity of neurotransmission in the basal ganglia.

With appropriate adaptations, we have applied this same model to the context of Parkinson’s

disease and ADHD, as well as to their respective pharmacotherapies.

In order to physiologically represent Parkinson’s disease, we have integrated the dener-

vation process in the model as well as the resulting compensation mechanisms. The finger

tapping frequency is used as a clinical endpoint of bradykinesia, defined as the slowing of

movements. The developed model is based on up-to-date knowledge of the pathophysiology

and pharmacology of Parkinson’s disease, thus ensuring its validity in comparison with ex-

perimental and clinical observations. Using this model, the non-linear relationships between

plasma levodopa concentration, dopamine concentration in the brain and response to a motor

task were studied. The narrowing of levodopa therapeutic index during the progression of

the disease due to these non-linearities was investigated. Finally, to ensure the translational

aspect of our approach, we developed a web application in which this model was integrated.

This application serves as a proof of concept for a tool aimed to facilitate the optimization

and individualization of dosing regimens.

For the study of ADHD, we adapted the developed model by integrating tonic and phasic

dopamine release, the latter occurring during a reinforcement learning task. Virtual indi-

viduals were created with and without dopamine imbalance in the tonic/phasic ratio. By

simulating a stimulus-response task, we observe ADHD-like symptoms among virtual pa-

tients with dopamine imbalance. Finally, the response to methylphenidate resulting from

dopamine recapture inhibition, through different learning scenarios, was also studied. The
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development of a metric allowed us to differentiate responders from non-responders, and thus

to highlight the possible implication of excessive learning in non-responders. A better under-

standing of methylphenidate response would help avoid overmedication in non-responders

and assist clinicians in their practice.

Despite the complexity of the dopaminergic system and its associated therapies, this

thesis is a step forward in understanding the underlying mechanisms and their involvement

in pharmacotherapy. These advances were achieved by adopting a quantitative systems

pharmacology approach, combined with neurocomputational modeling borrowed from the

electrical engineering field, and complemented by a translational bedside aspect. It is only

by transcending disciplinary boundaries and adopting such an integrative approach that

this ultimate goal of having a real impact on the multifaceted health system is possible.

Keywords: Quantitative Systems Pharmacology (QSP), pharmacometrics, neurocom-

putational modeling, basal ganglia, dopaminergic system, Parkinson’s disease, levodopa,

ADHD, methylphenidate.
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Introduction

L’objectif principal de la présente thèse est d’élucider les mécanismes impliqués dans le

dysfonctionnement du système dopaminergique des ganglions de la base engendrant diffé-

rentes pathologies ainsi que dans l’effet des thérapies associées, pour des fins d’optimisation

de leurs posologies. Deux pathologies distinctes en apparence, mais partageant des méca-

nismes physiologiques communs, sont étudiées : la maladie de Parkinson et le trouble de

déficit de l’attention avec ou sans hyperactivité (TDAH). En effet, ces deux pathologies af-

fectent des mécanismes impliqués dans la dynamique de la dopamine des ganglions de la base

et sont associées à une réduction du niveau de base de la dopamine dans cette région. Les mé-

dicaments les plus couramment prescrits pour traiter chacune de ces pathologies sont inclus

dans cette étude : la lévodopa, pour la maladie de Parkinson, et le méthylphénidate, pour

le TDAH. La modélisation mathématique et l’approche computationnelle ont été choisies

comme outil principal pour l’atteinte des objectifs de cette thèse.

La maladie de Parkinson est la deuxième maladie neurodégénérative la plus répandue

au monde après la maladie d’Alzheimer [142]. En effet, uniquement au Canada, l’agence

de la santé publique dénombrait 84 000 individus vivant avec la maladie de Parkinson en

2013-2014 [37]. De plus, entre 0.001 et 0.002% de la population européenne, principalement

les personnes âgées de 60 ans et plus, est touchée par la maladie de Parkinson [133]. Malgré

l’usage très répandu de la lévodopa pour traîter les symptômes de cette maladie, l’optimi-

sation du régime posologique de ce médicament représente un véritable casse-tête pour les

cliniciens lorsque la maladie atteint un stade plus avancé.



De son côté, le TDAH est le trouble neurocomportemental le plus commun chez les

jeunes. Au Québec, la prévalence dans la seule période de 2015-2016 était de 240 000 jeunes

(pour la tranche d’âge de 1 à 24 ans) [70]. La prévalence mondiale du TDAH est estimée

à 5,29% [98]. Malgré le grand nombre de recherches, l’étiologie exacte de cette pathologie

demeure inconnue. Le méthylphénidate est le médicament vedette utilisé pour diminuer les

symptômes du TDAH.

Au cours des dernières années, des approches très variées ont été utilisées pour mieux

comprendre les étiologies de ces pathologies et en améliorer le traitement, allant d’études

expérimentales aux pures modélisations théoriques, en passant par tout le spectre compris

entre ces extrémités. La modélisation mathématique et computationnelle représente une

option prometteuse, prenant de plus en plus d’envergure parmi l’arsenal d’approches utilisées

en pharmacologie. Combinée à des données et connaissances physiologiques, elle se distingue

par son caractère non-invasif et sa capacité à tester et valider rapidement de nombreuses

hypothèses et scénarios cliniques, des qualités qui la rendent particulièrement adaptée à

l’investigation de pathologies mal comprises telles la maladie de Parkinson et le TDAH.

Afin de mettre en contexte les contributions de la présente thèse, les prochaines sec-

tions présenteront dans l’ordre le fonctionnement des ganglions de la base et du système

dopaminergique, puis l’état actuel des connaissances liées à la maladie de Parkinson et au

TDAH, et finalement les différentes approches utilisées dans le domaine de la modélisation

mathématique .

0.1. La neurotransmission et les ganglions de la base

Puisque la maladie de Parkinson et le TDAH affectent les ganglions de la base, débuter

par une description du fonctionnement des différentes régions de cette partie du cerveau

apparaît essentiel.
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0.1.1. La neurotransmission

Le cerveau est un des organes les plus complexes du corps humain. Il est composé d’envi-

ron 100 milliards de neurones [137], des cellules nerveuses dont on peut mesurer le potentiel

électrique de la membrane, connectés entre eux et transmettant de l’information. Cette

transmission permet d’assurer le bon déroulement des différentes fonctions du cerveau, telles

la mémoire, le mouvement, la cognition, l’attention, le langage, les émotions, etc. Avec le

vieillissement des populations occidentales, on assiste à une croissance de la prévalence de

maladies affectant le fonctionnement du cerveau et engendrant des symptômes nuisibles à

la qualité de vie des patients. L’étude du cerveau, autant dans son état physiologique que

pathologique, s’avère donc plus que jamais pertinente.

Lorsqu’on étudie le phénomène de neurotransmission en se concentrant sur une paire de

neurones, on distingue le neurone présynaptique envoyant le signal, du neurone postsynap-

tique qui le reçoit. En effet, l’espace se trouvant entre les neurones est connu sous le nom

de synapse. Dans cet espace, les neurotransmetteurs, c’est à dire les molécules permettant

la transmission de l’information d’un neurone à l’autre, sont libérés du neurone présynap-

tique et captés par les récepteurs du neurone postsynaptique tel qu’illustré à la Figure 1.

Évidemment, puisque chaque neurone est connecté à plusieurs autres, il est à la fois pré- et

postsynaptique.

Potentiel
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Figure 1. Représentation de la transmission d’un signal électrique entre deux neurones, le
neurone pré- et postsynaptique et représentation graphique du potentiel d’action déclenché
après l’atteinte d’un seuil.
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La libération des neurotransmetteurs survient lorsque le potentiel membranaire du neu-

rone présynaptique dépasse un certain seuil, pouvant varier d’un neurone à l’autre. Un poten-

tiel d’action est alors déclenché et se propage le long de son axone. Les neurotransmetteurs

libérés peuvent se lier à la portion postsynatique d’autres neurones, ce qui induit différentes

réactions à l’intérieur de ces derniers, dont des modifications de leur potentiel membranaire.

Lorsque leur potentiel électrique dépasse leur seuil, ils déclenchent à leur tour un potentiel

d’action menant à la libération d’autres neurotransmetteurs. Cet effet en cascade, d’un neu-

rone à l’autre, porte le nom de signal bioélectrique. Selon leur nature, les neurotransmetteurs

peuvent exciter ou inhiber les neurones, c’est-à-dire qu’ils peuvent respectivement favoriser

ou retenir la création d’un potentiel d’action qui permettra de transmettre l’information au

prochain neurone.

Afin de simplifier l’étude du cerveau, les neurones sont souvent regroupés en régions

caractérisées selon les fonctions effectuées. Les ganglions de la base, impliquées dans les deux

pathologies à l’étude, constituent une de ces régions.

0.1.2. Ganglions de la base

Les ganglions de la base forment une région souvent associée à la fonction motrice du

cerveau. Ils sont par ailleurs également impliqués dans les fonctions cognitives, émotionnelles

et exécutives du cerveau [78].

Afin d’assurer leurs nombreuses fonctions, les ganglions de la base sont divisés en dif-

férents noyaux sous-corticaux, sous-régions en dessous du cortex, qui communiquent par

différentes voies de neurotransmission. Les principaux noyaux sont le striatum, le globus pal-

lidus, le noyau subthalamique et la substance noire. Le cortex et le thalamus sont également

connectés à plusieurs de ces noyaux par des voies de neurotransmission tel que représenté à

la Figure 2.

Puisque c’est au striatum que l’information provenant du cortex est reçue, pour ensuite

être acheminée aux autres noyaux, celui-ci est parfois qualifié de noyau d’entrée. Alimenté
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Figure 2. Représentation des différentes régions des ganglions de la base ainsi que des trois
voies de neurotransmission : directe, indirecte et hyperdirecte.

en dopamine par la substance noire, dont la mort des neurones dopaminergiques caracté-

rise justement la maladie de Parkinson [78], le striatum est composé de neurones épineux de

taille moyenne (medium sized spiny neurons (MSN)) et d’interneurones. Alors qu’ils utilisent

l’acide gamma-aminobutyrique (GABA) comme neurotransmetteur inbibiteur [78], les MSN

ont des récepteurs dopaminergiques de type D1 et D2, pour lesquels la dopamine a respecti-

vement un effet excitateur ou inhibiteur. En fonction du type de récepteurs majoritairement

présents sur les MSN, ceux-ci sont divisés au sein du striatum en neurones faisant partie

de la voie directe (D1) ou de la voie indirecte (D2). Par ailleurs, les MSN sont également

affectés par l’activité des interneurones cholinergiques. Ces cellules, utilisant l’acétylcholine

comme neurotransmetteur et inhibées par la dopamine [128], ont respectivement un effet

inhibiteur et excitateur sur les MSN de la voie directe et de la voie indirecte (effet dans les

deux cas inverse à celui de la dopamine).
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Le globus pallidus, quant à lui, est composé de neurones GABAergiques et reçoit des

projections inhibitrices du striatum par les deux voies mentionnées précédemment. Plus pré-

cisément, les neurones du striatum à récepteur majoritairement D1 sont connectées au globus

pallidus interne par la voie directe, alors que les neurones à récepteur majoritairement D2 af-

fectent plutôt le globus pallidus externe, qui inhibe de surcroît le globus pallidus interne. Par

ailleurs, ces deux parties du globus pallidus reçoivent également des projections excitatrices

du noyau subthalamique.

Ce noyau subthalamique est en effet composé de neurones GABAergique excitateurs

recevant de l’information directement en provenance du cortex, tout en étant lui aussi inhibé

par le globus pallidus externe. Il a fait l’objet de plusieurs études dans les dernières années,

étant donné qu’il s’agit d’une des régions des ganglions de la base pouvant être stimulées par

des électrodes lors de l’intervention chirurgicale nommée la stimulation cérébrale profonde

(deep brain stimulation) qui sera abordée à la Section 0.3.1.4.

Le thalamus ne fait pas partie des noyaux des ganglions de la base, mais il est nécessaire

à la transmission de l’information dans les différentes voies de neurotransmission. Il reçoit

des projections inhibitrices du globus pallidus interne et transmet l’information au cortex

[78].

Le modèle classique de l’organisation fonctionnelle des ganglions de la base fut élaboré

dans les années 1980 [78]. C’est ce modèle qui a introduit les termes voie directe et voie

indirecte pour faire référence aux connections entre les différents noyaux, selon leurs effets

opposés sur la sortie des ganglions de la base. Les termes direct et indirect ont été utilisés au

départ pour décrire l’aspect moteur des ganglions de la base. En effet, en termes de fonction

motrice, l’inhibition du globus pallidus interne par la voie directe favorise le mouvement, alors

que la voie indirecte inhibe plutôt l’inhibition de ce noyau, nuisant au final au mouvement.

C’est pourquoi on nomme la portion du striatum faisant partie de la voie directe (avec

récepteurs D1) le « Go », et celle faisant partie de la voie indirecte (avec récepteurs D2) le

« NoGo ». Dans le modèle classique, une balance entre les deux voies de neurotransmission

est nécessaire afin de permettre des mouvements appropriés.
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La voie hyperdirecte est le fruit d’études plus récentes [88], et relie le cortex au globus

pallidus en passant par le noyau subthalamique plutôt que le striatum. Cette voie permet, lors

de la réception par les ganglions de la base d’informations conflictuelles ou contradictoires,

d’envoyer un signal d’arrêt, le temps que le conflit se règle.

Une hypothèse répandue stipule que les ganglions de la base sont séparés en trois boucles

fonctionnelles distinctes : les boucles « limbique », « motrice », et « associative ». Il demeure

toutefois incertain que ces trois boucles touchent vraiment des régions physiologiquement

séparées des différents noyaux des ganglions de la base [61]. La boucle motrice permet de

contrôler et d’initier le mouvement et impliquerait le cortex moteur et prémoteur ainsi que

la partie dorsale latérale du striatum [59]. La boucle limbique serait quant à elle impliquée

dans les processus affectifs, les récompenses et les punitions [69]. Elle contiendrait le nu-

cleus accumbens faisant partie du striatum ventral [59]. Finalement, la boucle associative

serait impliquée dans les processus cognitifs plus complexes et comprendrait la partie dorsale

médiale du striatum et le cortex associatif.

0.1.3. Problématique

Bien que le modèle des ganglions de la base présenté précédemment ait permis de nom-

breuses avancées, certains questionnements demeurent [78]. En effet, des données sur les

effets des lésions dans les ganglions de la base entrent en contradiction avec le modèle clas-

sique des voies directes et indirectes. Par exemple, lors d’une pallidotomie, une partie du GPi

est détruite par la chaleur induite par une sonde. Ces lésions au niveau du GPi ont mené

à une amélioration de la fonction motrice de patients parkinsoniens [92, 93] plutôt qu’à la

détérioration attendue.

De plus, la force de connexion entre les neurones des différents noyaux peut changer au

cours du temps, tel que plus amplement discuté à la Section 0.2.2. Étant donné la complexité

de la neurotransmission dans les ganglions de la base et son implication dans différentes

fonctions (motrices, cognitives,...), les impacts d’une telle modification des connections entre

les noyaux restent encore incertains.
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La complexité des ganglions de la base ainsi que l’acquisition constante de nouvelles

données les concernant rendent nécessaire la création de cadres théoriques afin de les étudier,

tâche pour laquelle les modèles mathématiques représentent une approche de choix.

0.2. Système dopaminergique des ganglions de la base

Vu son rôle majeur dans le fonctionnement des ganglions de la base en raison de sa liaison

aux récepteurs du striatum, en plus de son effet démontré sur l’apprentissage, la motivation

et l’attention, la dopamine est un neurotransmetteur dont la dynamique est au coeur du

projet réalisé dans cette thèse.

0.2.1. Dynamique de la dopamine

Tel que mentionné précédemment, la dopamine est produite par les neurones de la sub-

stance noire avant d’être libérée dans la fente synaptique, où elle peut se lier aux récepteurs

des neurones du striatum pour en moduler l’activité. Différents mécanismes interviennent

dans son cycle de vie, incluant la synthèse, la recapture et l’élimination. Ces processus,

illustrés à la Figure 3, régulent la concentration en dopamine dans la fente synaptique.

La tyrosine, un précurseur de la dopamine provenant de l’alimentation (fromage, soja,

boeuf, haricots,...[76]), est transformée en DOPA par la tyrosine hydroxylase (TH) des neu-

rones. La DOPA se retrouve alors dans le cytoplasme des neurones et peut être décarboxylée

en dopamine par la DOPA-décarboxylase. Si elle n’est pas éliminée à l’intérieur du neurone

[13], la dopamine est ensuite emmagasinée dans des vésicules grâce aux transporteurs de

monoamine vésiculaire (VMAT). La dopamine à l’intérieur des vésicules peut par la suite

être libérée sous l’action des potentiels d’action, par fusion des vésicules avec la membrane

du neurone.

On distingue deux types de libération, soit la libération tonique et phasique. La libération

tonique fait référence à une libération soutenue de dopamine qui permet de maintenir une

concentration de base, la fréquence de stimulation est alors d’environ 5 Hz [17]. La libération

phasique, quant à elle, est due à une décharge sous forme de rafales (bursts) d’une fréquence
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Figure 3. Représentation de la dynamique de la dopamine dans les neurones pré- et post-
synaptiques et dans la fente synaptique.

de 15 à 30 Hz [17, 55]. Elle n’est pas continue, mais plutôt transitoire et est causée par un

évènement comme une récompense. En effet, une augmentation de la libération de la dopa-

mine fut observée chez les rats et les singes lors de la réception d’une récompense imprévue,

alors que l’absence d’une récompense attendue entraîne, quant à elle, une diminution de la

dopamine [113]. À la lumière de cet effet, il est logique que la dopamine soit souvent décrite

comme étant l’erreur de prédiction de récompense (reward prediction error) qui quantifie la

différence entre la récompense attendue après un choix et celle réellement obtenue.

Une fois dans la fente synaptique, la dopamine peut bien entendu se lier aux récepteurs

dopaminergiques des neurones postsynaptiques, en particulier les récepteurs D1 et D2, qui

ont été considérés dans le cadre de cette thèse. Il existe cependant d’autres mécanismes : elle

peut se lier aux autorécepteurs de type D2 du neurone présynaptique, être recapturée par

les transporteurs DATs se trouvant sur le neurone présynaptique, ou être dégradée par la

catéchol-O-méthyltransférase (COMT). Le principal mécanisme de retrait de la fente synap-

tique est la recapture [13], à la suite de laquelle la dopamine est de nouveau emmagasinée

dans les vésicules ou éliminée dans le cytoplasme du neurone.
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En cas de liaison aux autorécepteurs, un effet de régulation de la libération de la do-

pamine a été démontré [12, 15, 45]. En effet, ces autorécepteurs modifient la synthèse de

la dopamine, la fréquence de décharge (firing rate) du neurone ainsi que la libération de la

dopamine. Selon le modèle développé par Grace [55, 57], la diminution de la liaison des

autorécepteurs amènerait une augmentation de la libération phasique permettant ainsi de

compenser une diminution du niveau de dopamine tonique.

Puisque la dopamine est essentielle au bon fonctionnement des ganglions de la base, dif-

férents processus sont mis en place afin de maintenir une certaine concentration lorsque des

perturbations surviennent. D’abord, les autorécepteurs permettent une telle autorégulation,

tel que discuté précédemment. De plus, il fût démontré que la dénervation de la substance

noire, entraînant la perte des neurones dopaminergiques, produit une diminution de la libé-

ration, mais aussi de la recapture de la dopamine [16, 103]. Le terme stabilisation passive

fut utilisé pour décrire ce phénomène. Toutefois, lorsque la dénervation est trop avancée, le

maintien de l’homéostasie n’est plus possible. Il a aussi été avancé qu’avec la dénervation,

l’élimination de la dopamine de la fente synaptique est augmentée [16, 103]. Dans un cer-

veau sain, les neurones dopaminergiques sont très denses, laissant peu de place à la diffusion

de la dopamine dans l’espace synaptique pouvant mener à une éliminination. C’est plutôt la

recapture par les transporteurs qui domine la dynamique. Par contre, avec la dénervation, les

neurones sont plus espacés, permettant ainsi la diffusion de la dopamine avant sa recapture.

0.2.2. Plasticité synaptique

Des études ont démontré que les ganglions de la base sont impliqués dans l’apprentissage

stimulus-réponse, soit l’association d’un stimulus à une réponse adéquate [44]. Cet appren-

tissage peut se faire à l’aide de punitions et de récompenses reçues lorsque, respectivement,

une mauvaise et une bonne réponse est associée à un stimulus. Le rôle de la dopamine, en

particulier, a été mis en évidence dans ce processus de récompenses et de punitions menant

à l’apprentissage [5, 44]. En effet, il fut démontré, tant chez les animaux [112] que chez

l’humain [146], que le signal de la dopamine phasique représente les erreurs de prédiction
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des récompenses (reward prediction error). L’existence d’une corrélation entre l’amplitude

de la libération phasique et la taille de la récompense inattendue fut également démontrée

[39]. Cette amplitude, qui dépend du taux de décharge phasique du neurone allant de 20

à 100 Hz [43], peut atteindre une concentration aussi grande que 1µmol/L [138]. Un arrêt

du taux de décharge (firing rate) des neurones dopaminergiques fut, quant à lui, observé

lorsqu’une récompense est omise ou est moins satisfaisante que celle attendue [89].

Ces variations de la dopamine phasique induiraient des modulations de la configuration et

de l’intensité des connexions synaptiques, qu’on regroupe sous le terme “plasticité”. Cette in-

tensité peut être modifiée au niveau postsynaptique, par le biais d’un changement du nombre

ou des propriétés des récepteurs postsynaptiques, ou au niveau présynaptique, impliquant

alors une augmentation ou une diminution de la libération de neurotransmetteurs [143].

La variation de la connexion des synapses peut être à court terme et durer seulement une

fraction de seconde, ou bien durer quelques minutes, heures, jours ou même années, auquel

cas elle est connue sous le nom de plasticité synaptique à long terme.

Dans les années 1940, Donald Hebb a émis l’hypothèse que la force des connexions sy-

naptiques est modifiée lorsque des neurones pré- et postsynaptiques sont activés en même

temps [83], hypothèse résumée par l’expression “Cells that fire together, wire together”. Cette

plasticité permettrait l’apprentissage par l’association d’un stimuli à une réponse adéquate.

Des chercheurs ont par ailleurs avancé l’hypothèse qu’un dysfonctionnement dans le sys-

tème dopaminergique pourrait aussi engendrer de la plasticité synaptique aberrante, c’est-à-

dire que la modification des connexions synaptiques mènerait alors à des effets négatifs, tels

que de mauvaises associations entre stimulus et réponse. Il s’agit notamment d’une explica-

tion proposée pour les symptômes moteurs de la maladie de Parkinson [14]. Il est aussi à

noter que des études ont établi un lien entre le dysfonctionnement du système de récompense

et le TDAH [136].
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0.2.3. Pathologies du système dopaminergique

Un dysfonctionnement du système dopaminergique peut entraîner différentes pathologies

et déficits. À titre d’exemple, il est largement reconnu qu’une libération trop grande de

dopamine dans le striatum et une trop faible dans le cortex pourraient être en cause dans

la schizophrénie [23]. Par ailleurs, un excès de dopamine dans le noyau accumbens, faisant

partie du striatum, est avancé comme hypothèse sous-jacente à l’addiction aux drogues en

raison d’un possible apprentissage excessif du comportement de consommation [34].

Pour ce qui est de la maladie de Parkinson la dénervation caractéristique des neurones

dopaminergiques de la substance noire des ganglions de la base, entraînant une diminution

de la concentration en dopamine dans le striatum, est une cause des symptômes moteurs

observés [86].

Des études ont également démontré qu’une variation de différents gènes associés au sys-

tème dopaminergique serait impliquée dans le TDAH [40]. Cependant, bien que l’implication

de la dopamine dans le TDAH fasse consensus, la nature de cette implication est encore ma-

tière à débat, et il n’est pas même certain que les symptômes résultent d’un surplus ou d’un

manque de ce neurotransmetteur. Pour réconcilier les données contradictoires, détaillées dans

la section 0.3.2.2 portant plus spécifiquement sur le TDAH, l’hypothèse d’une réduction du

niveau de la dopamine tonique menant à une augmentation de la dopamine phasique fut

émise [9, 56].

0.2.4. Problématique

Des questions ouvertes subsistent relativement au fonctionnement du système dopaminer-

gique et aux effets de différentes lésions l’affectant. Tout d’abord, l’effet des mécanismes de

compensation de la dynamique de la dopamine sur les symptômes de la maladie de Parkinson,

ainsi que leur interaction avec la médication et avec les effets secondaires des médicaments

ne sont pas encore complètement élucidés. En outre, il est encore incertain si le TDAH est

associé à une diminution ou plutôt à une augmentation de la dopamine. Enfin, l’impact

de la plasticité synaptique induite par la dopamine sur les ganglions de la base et sur les
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symptômes des pathologies associées est mal connu. Ces interrogations nous ont amenés à

adopter une approche holistique intégrant les mécanismes importants de la dynamique de la

dopamine et leurs implications pour ces deux pathologies et leur pharmacothérapie associée.

0.3. La maladie de Parkinson et le TDAH

Dans la présente thèse, un modèle intégratif combinant la dynamique de la dopamine et

la neurotransmission dans les ganglions de la base a été développé afin d’étudier indépen-

damment la maladie de Parkinson et le TDAH. En plus de la simulation des symptômes, la

pharmacothérapie associée à chacune de ces pathologies a pu être étudiée. Pour mettre en

évidence les caractéristiques clés que les modèles doivent saisir, les éléments fondamentaux

de ces deux pathologies seront discutés dans les prochaines sections.

0.3.1. La maladie de Parkinson

Entre 0.001 et 0.002% de la population européenne, principalement les personnes âgées

de 60 ans et plus, est touchée par la maladie de Parkinson [133]. Au Canada, plus de 84

000 personnes vivaient avec cette maladie en 2013-2014. Elle est caractérisée par la perte

des neurones dopaminergiques de la substance noire des ganglions de la base, menant à

l’apparition de différents symptômes moteurs.

0.3.1.1. Historique.

La maladie de Parkinson fut décrite pour la première fois en 1817 par le chirurgien

anglais James Parkinson, dans un livre intitulé “An Essay on the Shaking Palsy”. Il y décrit

des symptômes tels que le tremblement, le ralentissement des mouvements, la posture voûtée

et les problèmes de démarche. Ce n’est qu’en 1872 que le terme maladie de Parkinson fait

son entrée dans la nomenclature médicale.

Le rôle de la dopamine dans cette maladie est mis en lumière dans les années 1960. Des

expériences sur des animaux permettent de démontrer que l’administration de la lévodopa,

un précurseur de la dopamine, permet d’augmenter la concentration en dopamine et donne

lieu à une activité motrice accrue. Par la suite, les déficits caractéristiques en dopamine dans
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la substance noire et le striatum ont été mis en évidence chez des humains atteints de la ma-

ladie de Parkinson [99]. Des travaux ultérieurs ont démontré que, bien que l’administration

de la lévodopa chez les humains permette de réduire les symptômes, elle entraîne également

des effets secondaires tels que des hallucinations et des mouvements involontaires nommées

dyskinésies [99]. Ces effets secondaires sont potentiellement causés par une stimulation pul-

satile des neurones du striatum. Pour pallier ces effets secondaires, de nouvelles formulations

(comme celles avec ajout d’inhibiteurs) et voies d’administration (telles l’infusion duodénale

et intraveineuse) de la lévodopa ont été mises au point à partir des années 1970.

D’autres études ont été réalisées en parallèle afin de comprendre le fonctionnement des

ganglions de la base. Dans les années 1980, le modèle classique propose que les ganglions de

la base soient constitués de deux voies de neurotransmission, soit la voie directe, qui promeut

le mouvement, et la voie indirecte, qui l’inhibe [99].

Enfin, c’est en 1995 que la stimulation cérébrale profonde du noyau subthalamique (deep

brain stimulation) commence à être utilisée dans le but d’atténuer les symptômes de la

maladie de Parkinson.

0.3.1.2. Symptômes et biomarqueurs.

La maladie de Parkinson est souvent associée à ses symptômes moteurs : le tremblement

au repos, les problèmes de posture, la rigidité musculaire et la bradykinésie, cette dernière

référant au ralentissement des mouvements. Toutefois, des symptômes non-moteurs sont aussi

présents, les plus incommodants étant des problèmes de sommeil, d’odorat, de constipation,

des troubles de la vessie, des hallucinations ainsi que des troubles de l’humeur, pour n’en

nommer que quelques uns [24, 142].

La Movement Disorder Society (MDS) propose quatre étapes permettant d’établir un

diagnostic de Parkinson. D’abord, il est nécessaire de vérifier si le patient présente des signes

de bradykinésie combinés à des tremblements au repos ou à de la rigidité musculaire. Ensuite,

d’autres observations doivent être présentes afin d’appuyer le diagnostic, par exemple une

réponse à la lévodopa, la présence de tremblements au repos ou une perte olfactive. L’étape

suivante consiste à déterminer si tout autre diagnostic pourrait expliquer ces symptômes,

14



puisque certains médicaments tels des agents bloquant les récepteurs de la dopamine pour-

raient induire des symptômes similaires à ceux de la maladie de Parkinson. Enfin, la dernière

étape consiste en l’étude de l’historique du patient afin de vérifier la présence de symptômes

précurseurs qui pourraient orienter vers la maladie de Parkinson [105].

Généralement, lorsque la maladie de Parkinson est diagnostiquée chez un patient, la perte

neuronale a déjà atteint 60 à 90 % [4, 148]. Ce retard dans l’apparition des symptômes

s’explique par le fait que des processus de compensation agissent au niveau du cerveau, que

ce soit pour maintenir un niveau adéquat de dopamine ou pour permettre aux neurones de

fonctionner malgré un niveau réduit de dopamine.

Plusieurs équipes de chercheurs tentent donc d’identifier des biomarqueurs précliniques

qui permettraient un diagnostic précoce et une meilleure prise en charge des patients en ce

qui à trait à leur traitement. Le tremblement essentiel, qui se traduit par un tremblement des

mains, de la tête ou des jambes, pourrait servir de marqueur pré-clinique puisque des études

épidémiologiques ont démontré la présence d’une corrélation importante entre le nombre de

patients ayant un tremblement essentiel et ceux ayant la maladie de Parkinson. Jusqu’à 90%

des patients atteints de Parkinson souffrent de perte de l’odorat et présentent également des

troubles du sommeil. Des problèmes au niveau de la saccade oculaire ainsi que des problèmes

de constipation ont aussi été observés chez ces patients. On rapporte également qu’environ

30 à 35% des patients souffrent de dépression [74, 106]. Les symptômes mentionnés précé-

demment pourraient donc servir d’indices précurseurs de la maladie de Parkinson.

0.3.1.3. Échelles de mesure des symptômes.

Les symptômes associés à la maladie de Parkinson étant multiples, plusieurs échelles ont

été développées afin de les quantifier. Celles-ci sont aussi utilisées afin d’étudier la progression

de la maladie et la réponse aux traitements. L’Unified Parkinson’s Disease Rating Scale

(UPDRS) et l’échelle Hoehn et Yahr (H & Y) sont largement utilisées.

L’échelle UPDRS, développée en 1980, est divisée en quatre parties qui comportent des

questions et évaluations. Les parties 1 et 2 concernent respectivement les problèmes non

moteurs de la vie courante, tels que les problèmes cognitifs ou les symptômes reliés à l’anxiété,
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et les problèmes moteurs, comme de la difficulté à écrire ou à tenir des objets de la vie

courante. La partie 3 a trait à l’évaluation des symptômes moteurs tels que le tremblement au

repos, la rigidité, les problèmes de posture et la bradykinésie, en plus d’évaluer les expressions

faciales et le langage. Enfin, c’est dans la partie 4 que sont étudiées les complications motrices

telles que les dyskinésies [53]. La réponse aux questions de chaque partie se situe sur une

échelle de 0 à 4, référant respectivement à un état normal, léger, modéré, important et sévère.

Certaines questions portant sur les effets secondaires, doivent être répondues par un oui ou

par un non. À partir des réponses données, un score est attribué aux patients. Certains items

de la partie 3 sont mesurés à l’aide de tests moteurs comme le test de tapotement des doigts

(finger tapping test), le test de pronation/supination du poignet ou le test de la fréquence de

tapotement des orteils [53]. Dans le cadre de la présente thèse, la fréquence de tapotement

des doigts est la mesure utilisée afin d’évaluer le niveau de bradykinésie.

L’échelle de Hoehn et Yahr (H&Y) publiée en 1967 pour décrire la progression de la

maladie de Parkinson, divise la maladie en cinq stades. Au stade 1, les patients présentent

des symptômes légers sur un seul côté du corps, qui n’affectent pas leur vie quotidienne.

Au stade 2, les symptômes affectent les deux côtés du corps, mais les patients ne présentent

pas de problèmes d’équilibre. Au stade 3 commencent à apparaître les problèmes de posture

ainsi qu’un ralentissement des mouvements. Les patients dont les symptômes entravent leur

autonomie sont classés au stade 4. Le stade 5, quant à lui, est attribué aux patients devant

utiliser une chaise roulante ou étant alités [52].

Peu d’études ont analysé le lien entre les deux échelles, UPDRS et H&Y. Une d’entre

elles a démontré que les scores pour les quatre parties de l’échelle UPDRS augmentent avec

chaque stade de l’échelle H&Y [122].

0.3.1.4. Traitements de la maladie de Parkinson.

Malgré les efforts de recherche déployés depuis des décennies, aucun traitement permet-

tant de guérir ou d’arrêter la progression de la maladie de Parkinson n’a encore vu le jour. Les

traitements actuellement utilisés permettent cependant d’atténuer l’intensité des symptômes,

améliorant ainsi la qualité de vie des patients.
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Parmi les traitements disponibles, la référence est la lévodopa, en raison de l’effet plus

significatif que ce médicament a sur les symptômes moteurs, effet se traduisant par une

diminution du score UPDRS. Tel que mentionné précédemment, la réponse à la lévodopa est

même utilisée comme outil diagnostique en raison de son étroite association avec la maladie

de Parkinson.

La dopamine ne peut pas traverser la barrière hématoencéphalique en raison de sa faible

solubilité lipidique et de l’absence de transporteurs spécifiques [95]. La tyrosine et la lévo-

dopa, un précurseur de la dopamine,sont capables de traverser la barrière hématoencépha-

lique grâce aux transporteurs LAT1 [81, 147]. Se retrouvant alors dans le cerveau, la lévo-

dopa peut être décarboxylée en dopamine par les neurones dopaminergiques de la substance

noire et, parfois également par les neurones sérotoninergiques [97]. Cette transformation, qui

permet d’augmenter la concentration en dopamine et d’induire une réduction des symptômes

parkinsoniens, peut s’effectuer après une phase de stockage créant un effet tampon (buffering

effect) et ce, lorsque le nombre de neurones dopaminergiques restant est suffisant. Cet effet

tampon permet de maintenir l’effet de la lévodopa entre deux doses [1, 97].

Comme il est également possible que la lévodopa soit décarboxylée en dopamine avant de

traverser la barrière hématoencéphalique, une transformation périphérique non souhaitable

en raison de la diminution de l’effet thérapeutique, elle est combinée à un inhibiteur de la

décarboxylase, souvent la carbidopa, qui fait passer la demi-vie de la lévodopa de 60 à 90

minutes [1]. Ce traitement combiné permet de diminuer de 75 à 80% les doses de lévodopa

[84]. En outre, pour permettre à une plus grande quantité de lévodopa d’atteindre le cerveau

et ainsi augmenter la durée de son effet, des inhibiteurs de la catéchol-O-méthyltransférase

(COMT) tels que l’entacapone ou la tolcapone peuvent également être ajoutés à l’utilisation

de la lévodopa et la carbidopa [1].

Aux premiers stades de la maladie de Parkinson, la lévodopa s’avère très efficace pour

réduire les symptômes, et ce, avec un nombre limité de doses quotidiennes. Cette phase est

désignée comme la période de “lune de miel” [65]. Avec la progression de la maladie, la

durée de l’effet diminue et peut mener à des périodes où le médicament est même inefficace.
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Ceci serait attribuable à la perte de l’effet tampon des neurones. En effet, avec la perte

de neurones dopaminergiques, ceux-ci ne sont plus en mesure d’assurer un taux suffisant

de dopamine et n’emmagasinent donc plus la lévodopa, mais la transforment et libèrent

la dopamine résultante immédiatement. La courbe de l’effet dans le temps devient alors

similaire à la courbe de concentration dans le temps et l’effet n’est plus maintenu entre

les doses. Afin de pallier cette atténuation de l’effet de la lévodopa, les doses et/ou leurs

fréquences d’administration doivent être augmentées.

Au fur et à mesure que le niveau de dénervation augmente, des effets secondaires tels

que les dyskinésies, des mouvements involontaires, apparaissent. Des fluctuations on-off,

caractérisées par des périodes d’effet suivies de périodes où les symptômes sont de retour,

surviennent également [123]. Dans plusieurs études, on dénombre qu’entre 50 à 55% des

patients parkinsoniens ont développé des dyskinésies après 5 à 6 ans de traitement avec la

lévodopa [96]. Différents facteurs sont impliqués dans l’apparition des dyskinésies, dont l’âge

à l’apparition des premiers symptômes ainsi que la durée de la maladie. En effet, il y a un

risque plus grand de développer des dyskinésies si les symptômes se sont déclarés à un plus

jeune âge. Les dyskinésies étant directement reliées à la prise de lévodopa, le risque associé

augmente avec l’augmentation des doses.

Les causes exactes de l’apparition de ces dyskinésies demeurent pourtant mal comprises.

Selon une hypothèse répandue, lorsque la dénervation de la substance noire est très avancée,

les neurones sérotoninergiques pourraient capter la lévodopa, ce qui mènerait à une libération

irrégulière de la dopamine et pourrait ainsi contribuer à l’apparition des effets secondaires

[114]. La stimulation pulsatile plutôt que continue des récepteurs dopaminergiques pourrait

également être en cause [97], en plus d’induire une modification de la plasticité synaptique

[96]. Il a été observé que les traitements qui diminuent la stimulation pulsatile font aussi

diminuer les risques de développer des dyskinésies [96]. Ceci explique pourquoi, en plus de

la voie orale la plus courante, d’autres voies d’administration ont été développées telles que

l’infusion duodénale et intraveineuse, afin d’assurer un maintien à un accès plus continu à la

lévodopa.
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Il est par ailleurs important de noter qu’avec la progression de la maladie, l’index thé-

rapeutique de la lévodopa est réduit, tel qu’illustré qualitativement à la Figure 4. Les doses

produisant un effet thérapeutique se rapprochent de celles menant à des effets secondaires,

compliquant ainsi considérablement l’optimisation des régimes posologiques des patients.
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Figure 4. Représentation de la réduction de l’index thérapeutique de la lévodopa avec la
progression de la maladie.

De façon générale, on distingue trois phases dans le processus de titrage de la lévodopa.

D’abord, le régime posologique standard est offert aux patients en début de maladie. Lorsque

les patients commencent à ressentir une diminution de la durée de l’effet, des fluctuations de

l’effet ou des effets secondaires, un régime posologique personnalisé est proposé. Finalement,

lorsque surviennent des effets secondaires ou de longues périodes sans effet thérapeutique, et

que le régime personnalisé ne convient plus, on peut alors avoir recours à la lévodopa sous

forme non-orale [130].

L’usage des agonistes de la dopamine afin de réduire les symptômes de la maladie de

Parkinson fait également partie de la pratique clinique. Ils sont principalement utilisés afin de

différer l’administration de la lévodopa et ainsi tenter de retarder l’apparition des dyskinésies

[21]. En l’absence de dopamine, les agonistes peuvent se lier aux récepteurs dopaminergiques

du striatum et ainsi imiter l’action de celle-ci. Les effets secondaires potentiels des agonistes

comprennent des hallucinations, de la somnolence et de l’insuffisance cardiaque [21].
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La stimulation cérébrale profonde (deep brain stimulation, DBS) est aussi pratiquée dans

le but de réduire les symptômes de la maladie de Parkinson. Durant cette opération chirur-

gicale, des électrodes sont placées à des endroits stratégiques dans les ganglions de la base,

généralement au niveau du noyau subthalamique, du globus pallidus interne ou du thalamus

[77]. La stimulation électrique induite par ces électrodes permet de réduire les symptômes.

Étant donné son aspect invasif, le DBS est généralement offert aux patients à des stades avan-

cés de la maladie chez qui, même si la lévodopa fonctionne, elle cause des effets secondaires

très incommodants [46].

0.3.1.5. Problématique.

L’utilisation chronique de la lévodopa combinée à la dénervation mène à l’apparition

d’effets secondaires ainsi qu’à des fluctuations motrices qui diminuent la qualité de vie des

patients. Il importe donc d’optimiser les régimes posologiques de la lévodopa afin de tenter

de réduire les doses administrées tout en maintenant un effet thérapeutique et en retardant

les effets secondaires. Toutefois, cette optimisation devient de plus en plus difficile avec

la progression de la maladie, puisque l’index thérapeutique est graduellement réduit. Le

développement d’outils quantitatifs permettant de tester différents régimes posologiques et

différentes voies d’administration de la lévodopa afin d’en identifier les plus optimaux serait

d’une grande aide pour la pratique clinique et pour l’amélioration de la qualité de vie des

patients.

0.3.2. Le trouble du déficit de l’attention avec ou sans hyperactivité

Le TDAH est le trouble neurocomportemental le plus commun chez les jeunes. Ce trouble

est principalement caractérisé par un comportement inattentif et/ou impulsif omniprésent,

inadéquat en fonction de l’âge du patient[100].

Le diagnostic, difficile à poser, repose essentiellement sur des questionnaires ou des autoé-

valuations. Il est ainsi difficile de connaître avec exactitude la prévalence du TDAH, on estime

tout de même qu’elle oscillerait entre 2% et 18% [108]. L’âge médian auquel le diagnostic

est posé est 7 ans [135], et 60 à 80% des symptômes persistent à l’âge adulte [100, 117].
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0.3.2.1. Historique du TDAH.

Des troubles au niveau de l’attention ont été décrits dès 1798 par le médecin Alexander

Crichton, qui dépeint des patients souvent distraits, ayant de la difficulté à maintenir une

attention soutenue [79]. En 1902, George Frederic Still, quant à lui, décrit des enfants ayant

“the particular psychical conditions [...] which are concerned with an abnormal defect of

moral control” [127]. Il mentionne qu’un trait commun de ces enfants est la recherche de

la gratification immédiate plutôt qu’à long terme, trait similaire aux patients ayant de nos

jours un diagnostic de TDAH [79].

Kramer et Pollnow décrivent en 1932 ce qui ressemble le plus au TDAH tel que dé-

fini actuellement dans le Diagnostic and Statistical Manual of Mental Disorders (DSM). Ils

nomment alors ce trouble “maladie hyperkinétique de l’enfance”. Des symptômes tels qu’une

activité motrice intense parfois sans but, des difficultés d’apprentissage dues à l’inattention

et des difficultés à porter attention aux détails, y sont mentionnés. Le terme “réaction hy-

perkinétique de l’enfance” sera introduit dans le DSM-II de 1968 [79]. En 1937, des effets

positifs suite à l’utilisation de stimulants auprès d’enfants avec des troubles du comporte-

ment sont remarqués par Charles Bradley. Il faudra toutefois attendre 1944 avant que le

méthylphénidate, médicament très utilisé de nos jours, soit synthétisé pour la première fois

par Leandro Panizzon [79].

Dans les années 1930-1940, plusieurs études appuient l’hypothèse selon laquelle des

troubles du comportement tels l’inattention pourraient être reliés à des dommages au cer-

veau [79]. En 1987, le terme TDAH est introduit dans le DSM III. Puis, dans le DSM-IV

de 1994, on fait une distinction entre les patients avec trouble de l’attention avec ou sans

hyperactivité.

0.3.2.2. Symptômes et étiologie.

Parmi les patients atteints de TDAH, on distingue trois sous-catégories : ceux qui sont

surtout inattentifs, ceux qui sont plutôt hyperactifs et ceux qui présentent une combinaison

des deux [100]. Ces symptômes engendrent différents problèmes tels des difficultés scolaires,
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un risque plus élevé d’accident de voiture, une faible estime de soi, ou encore un risque accru

de développer une dépendance aux drogues [117].

Le comportement des patients souffrant de TDAH peut être évalué à travers plusieurs

tests leur demandant d’accomplir des tâches précises. Ainsi, dans le cas de la tâche de per-

formance continue (continuous performance task, CPT), la réponse des patients à différents

stimuli ayant au préalable reçu des indications est évaluée. On pourrait demander à un pa-

tient, par exemple, de cliquer sur le bouton gauche de sa souris si une flèche apparaît à

gauche de son écran d’ordinateur et de cliquer à droite si elle apparaît à droite. Le taux de

bonnes réponses et le temps de réaction des patients sont respectivement plus bas et plus

lents chez les patients souffrant de TDAH.

Pour ce qui est de la tâche du “Go/NoGo”, la capacité des patients à ne pas répondre à

certains stimuli est évaluée. Durant cette tâche, une série de stimuli est présentée aux patients

et ce, généralement, à l’aide d’un ordinateur. Au préalable, on indique aux patients à quel

sous-ensemble des stimuli ils doivent réagir, typiquement en cliquant sur la souris de l’ordi-

nateur et ceux auxquels il ne doivent pas réagir. Chaque stimulus est présenté rapidement.

On peut alors évaluer le nombre d’erreurs de commission ou de d’omission, dénotant respec-

tivement des clics superflus et des clics manquants. Bien que le nombre d’erreurs des deux

types soit plus grand chez les patients souffrant de TDAH, la nature des erreurs apporte

une information additionnelle. En effet, les erreurs de commission indiquent typiquement

l’impulsivité alors que et les erreurs d’omission reflètent l’inattention [18].

Peu importe la nature de la tâche, les patients souffrant de TDAH commettent habituel-

lement plus d’erreurs que les sujets du groupe contrôle, sont davantage sensibles au bruit, et

ont des temps de réaction plus longs et plus variables [68, 75].

Les causes exactes du TDAH sont inconnues. Des études pointent vers l’implication du

cortex préfrontal, du noyau caudé (partie du striatum) et du cerebellum, car une maturation

plus lente, un volume ou une activité réduite y ont été observés chez des patients souffrant

de TDAH [6]. Le TDAH comporterait une composante héréditaire et serait associé à des

variations de gènes reliés à la dopamine [40]. Des différences quant aux gènes en lien avec les
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récepteurs dopaminergiques et les transporteurs DATs ont été observées [51] ainsi que des

perturbations au niveau du fonctionnement des récepteurs noradrénergiques [116]. Tant la

dopamine que la noradrénaline, des neurotransmetteurs présents dans les zones du cerveau

listées précédemment, seraient donc impliquées dans ce trouble. Dans la présente thèse, nous

nous concentrerons uniquement sur l’implication du système dopaminergique dans le TDAH.

De manière contradictoire, certains auteurs décrivent le TDAH comme un état hypodopa-

minergique alors que d’autres le décrivent comme un état hyperdopaminergique. En effet, des

indicateurs tels la réduction du flux sanguin dans le striatum chez les patients souffrant de

TDAH, l’efficacité du méthylphénidate à diminuer les symptômes en augmentant les niveaux

de dopamine, ainsi que la réduction des marqueurs synaptiques de la dopamine semblent in-

diquer que le TDAH soit lié à une réduction du niveau de dopamine. Les perturbations

fonctionnelles au niveau des récepteurs noradrénergiques indiqueraient aussi une réduction

du niveau de la noradrénaline chez ces patients [117]. Par contre, d’autres études indiquent

plutôt qu’une augmentation des niveaux de dopamine et de noradrénaline serait impliquée

dans le TDAH. En effet, des signes d’hyperactivité et d’inattention ont été remarqués chez

des souris ayant des niveaux de dopamine plus élevés que la normale [9, 80]. De plus, des

mutations faisant augmenter la libération en dopamine et en diminuant la recapture ont été

identifiées chez des patients souffrant de TDAH. Une augmentation de la concentration en

noradrénaline a aussi été observée dans un modèle de rats du TDAH [109].

Cette apparente contradiction a mené certains auteurs à poser l’hypothèse que le TDAH

soit en fait associé à une réduction du niveau de dopamine tonique, correspondant au ni-

veau de base, mais à une augmentation du niveau de dopamine phasique [9, 55]. Cette

modification de l’équilibre entre le niveau de dopamine tonique et phasique dans le TDAH

entraînerait un dysfonctionnement du système de récompenses et de la motivation dans la

voie limbique des ganglions de la base [82]. Le système des récompenses étant très impor-

tant dans l’apprentissage stimulus-réponse, on associe souvent le TDAH à des problèmes au

niveau de cet apprentissage.

0.3.2.3. Échelle de mesure des symptômes.
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En raison de la complexité du TDAH, il n’est pas possible, à ce jour de poser, un diagnos-

tic à l’aide de tests d’imagerie cérébrale [117]. Des questionnaires utilisant différentes échelles

basées sur les symptômes décrits dans le DSM, complétés par les patients eux-même, les cli-

niciens, leurs parents et/ou leurs enseignants, sont plutôt utilisés pour poser un diagnostic.

Une des échelles très utilisée est la Conner’s rating scale. Celle-ci s’appuie sur un question-

naire dont chaque question doit être répondue par un nombre allant de 0 (pas du tout) à

3 (très fréquemment). Les scores associés à cette échelle sont ensuite convertis en percen-

tiles ou en cotes statistiques (T-score) pour évaluer à quel point les problèmes cliniques sont

significatifs [124].

D’autres échelles peuvent aussi être utilisées, notamment : “Inattention/Overactivity With

Aggression (IOWA)”, “Swanson, Nolan, and Pelham-IV (SNAP-IV) Questionnaire”, “Swan-

son, Kotkin, Agler, M-Flynn, and Pelham (SKAMP) rating scale”, “ADHD Rating Scale-IV”,

“Vanderbilt ADHD Rating Scale” et “ADHD Symptom Rating Scale”, qui sont basées sur les

critères diagnostiques du DSM [117].

0.3.2.4. Traitement du TDAH.

Il existe trois grandes classes de traitement destinés à diminuer les symptômes et les effets

néfastes associés au TDAH : la médication, la thérapie comportementale ou une combinaison

des deux.

Deux types de médicaments peuvent être utilisés : les stimulants et les non-stimulants.

Les psychostimulants sont les plus prescrits et regroupent deux catégories de médicaments

[58], le méthylphénidate et les sels d’amphétamine. Ces médicaments inhibent tous deux les

transporteurs DATs de la dopamine et les transporteurs de la noradrénaline, et permettent

donc de diminuer la recapture de ces neurotransmetteurs [117], ce qui se traduit par une

normalisation de l’attention chez l’enfant. Les effets secondaires qui leur sont associés sont

de l’insomnie, des maux de tête, de l’irritabilité, de l’anxiété et de la perte de poids. Malgré

leur efficacité similaire, les amphétamines auraient une plus grande probabilité de mener à

de l’addiction, ce qui diminue leur intérêt thérapeutique [71].
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Le méthylphénidate, dont une étude est réalisée dans le Chapitre 5 de la présente thèse,

existe sous forme de libération immédiate et prolongée. La demi-vie du méthylphénidate

à libération immédiate est de 2 à 3h, ce qui signifie que les patients doivent prendre leur

médication en moyenne deux à trois fois par jour afin d’en maintenir l’effet [126]. Le méthyl-

phénidate à libération prolongée fut développé dans les années 2000 dans le but de diminuer

le nombre d’administrations du médicament. Cependant, comme l’effet du méthylphénidate

à libération prolongée n’est pas nécessairement le même que celui à libération immédiate,

une combinaison des deux peut également être recommandée. Cette médication existe sous

forme orale ou sous forme de patch transdermique [117].

Lorsque des patients souffrant de TDAH ne répondent pas aux psychostimulants ou

sont trop incommodés par leurs effets secondaires, des médicaments non stimulants comme

l’atomoxetine, la clonidine et la guanafacine peuvent être prescrits. L’atomoxetine permet,

comme les psychostimulants, d’augmenter les niveaux de dopamine et de noradrénaline au

niveau du cerveau, mais son effet peut prendre jusqu’à quelques semaines avant d’apparaître.

La guanafacine et la clonidine agissent sur des récepteurs noradrénergiques post-synaptiques,

ce qui permet également de diminuer les symptômes [117]. Comme ces médicaments sont

reconnus pour être moins efficaces que les psychostimulants, ils sont utilisés en deuxième

ligne.

Par ailleurs, différentes sortes de thérapies comportementales ont été développées afin

d’aider les patients atteints de TDAH, en combinaison ou pas avec la médication. Les parents

d’enfants ayant un diagnostic de TDAH peuvent par exemple participer à des programmes

tels le “Triple P-Positive Parenting Program”, qui les amène à développer des habiletés afin

d’aider leur enfant au niveau comportemental à travers le lien parent-enfant [7, 141]. Ils

peuvent également collaborer avec les professionnels de l’école fréquentée par leur enfant,

afin de faciliter son apprentissage.
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0.4. Les approches par modélisation mathématique du

système dopaminergique

La maladie de Parkinson et le TDAH sont des pathologies complexes qui touchent un

organe qui l’est tout autant, le cerveau, et pour lequel l’obtention de données est difficile.

De nombreux besoins subsistent, qu’il s’agisse de déterminer plus efficacement les doses de

lévodopa dans le cas de la maladie de Parkinson ou de mettre en évidence le lien exact entre

le système dopaminergique et le TDAH. Les approches présentement utilisées pour l’analyse

de ces pathologies comportent des études précliniques, in vivo ainsi qu’in silico. L’approche

adoptée dans le cadre de cette thèse repose essentiellement sur la modélisation mathématique

et computationnelle, fortement basée sur la réalité pharmacologique et clinique.

Afin de représenter un phénomène, un modèle mathématique se compose d’une sé-

rie d’équations qui sont développées en fonction des objectifs de l’étude. Ces équations

contiennent des éléments d’entrée (input), impactant le comportement du phénomène étudié

en sortie (output). Dans le contexte d’un modèle mathématique représentant la concentra-

tion plasmatique du méthylphénidate, par exemple, la dose constituerait l’entrée alors que

la concentration plasmatique serait la sortie. Différents paramètres se retrouvent dans les

équations faisant le pont entre l’entrée et la sortie. Leurs valeurs peuvent être estimées à

partir de données ou encore trouvées dans la littérature. Afin de vérifier la validité de ces

modèles, ils sont comparés de manière quantitative à des données du phénomène à l’étude

ou de manière qualitative au comportement général du phénomène.

L’utilisation de modèles mathématiques comporte de nombreux avantages. En effet, ces

modèles permettent de contrôler précisément et connaître tous les paramètres de l’étude, ce

qui peut être impossible en laboratoire. De plus, en raison de leur rapidité d’utilisation, ils

permettent de faire une variété de tests qui seraient impossibles à faire avec des sujets hu-

mains. Par exemple, un modèle mathématique peut être utilisé pour étudier la concentration

plasmatique d’un médicament pour une multitudes de doses ou de régimes posologiques, et

ce en très peu de temps. Les résultats de tels modèles doivent être interprétés avec précau-

tions, car ils représentent une simplification du phénomène à l’étude. De plus, ces modèles
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ne sont jamais une représentation parfaite de la réalité étudiée et ne peuvent que compléter

les études pré-cliniques et cliniques.

Il existe différents types de modèles mathématiques utilisés en pharmacométrie, ceux

retenus dans le cadre de cette thèse sont les modèles de pharmacologie quantitative des

systèmes (mécanistiques) décrits aux sections suivantes. Les modèles pharmacocinétiques

font aussi partie intégrante de l’approche holistique considérée ici.

0.4.1. Modèles mathématiques

0.4.1.1. Modèles pharmacocinétiques et pharmacodynamiques.

Les modèles pharmacocinétiques portent sur l’étude de l’absorption, la distribution, le

métabolisme et l’élimination d’un médicament, processus regroupés sous l’acronyme ADME.

Ces modèles permettent de simuler l’évolution dans le temps de la concentration plasmatique

du médicament en fonction de la dose et des autres paramètres impliqués.

Dans les modèles pharmacocinétiques compartimentaux, le corps humain est représenté

par une série de compartiments qui communiquent entre eux par des constantes de transfert.

Le médicament se distribue à travers chacun des compartiments. La concentration plasma-

tique est déterminée par la concentration dans le compartiment central où le médicament est

diffusé rapidement. Lorsque le principe actif se distribue plus lentement dans d’autres tissus,

d’autres compartiments peuvent être ajoutés. Ainsi, le compartiment central représente la

circulation systémique et les tissus hautement perfusés, alors que les autres compartiments

représentent les tissus qui le sont moins [20]. Par contre, l’interprétation physiologique des

compartiments de ces modèles est limitée.

La quantité de médicament dans chacun des compartiments est exprimée par une équation

différentielle permettant de calculer la quantité qui transite par les compartiments en termes

d’entrées et de sorties. On considère généralement que le transfert du médicament d’un

compartiment à l’autre suit une cinétique d’ordre 1, c’est-à-dire que la vitesse de sortie d’un

compartiment est proportionnelle à la concentration dans celui-ci. Un exemple typique de

modèle pharmacocinétique à deux compartiments pour une administration intraveineuse est
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illustré à la Figure 5. Celui-ci comprend des micro-constante de transfert telles k12, k21 et kel,

agissant en tant que constantes de proportionnalité. Les paramètres k12 et k21 sont associés

à la distribution du principe actif et kel à son élimination. Des macro-constantes comme

la clairance (CL), avec kel = CL/V1 où V1 est le volume de distribution du compartiment

central, peuvent également être définies.

Compartiment
central

Compartiment
périphérique

Administration
IV

k12

k21

kel

(1)(2)

Figure 5. Représentation d’un modèle PK à deux compartiments pour une administration
intraveineuse.

Certaines études ont pour objectif d’étudier non seulement le devenir du médicament

dans l’organisme, mais aussi son effet. Ainsi de nouvelles équations sont nécessaire afin de

caractériser l’effet dans le temps du médicament, soit sa pharmacodynamique (PD). Plu-

sieurs relations exposition-réponse existent et donnent lieu à différentes équations (linéaires,

logarithmiques, Emax,...) [42]. Le modèle Emax est un exemple de modèle pharmacodyna-

mique classique. Il est utilisé, entre autres, lorsque l’on peut présumer que les concentrations

plasmatiques du médicament sont en équilibre rapide avec le site d’effet. Dans ce modèle, on

fait l’hypothèse que l’effet du médicament (E) est proportionnel à l’occupation des récepteurs

[42].

L’effet dans le temps peut alors être décrit par la fonction suivante :

E(t) = E0 + EmaxC
n
1 (t)

ECn
50 + Cn

1 (t) , (0.4.1)

où E0 est l’effet de base (si applicable), Emax l’effet maximal du médicament, C1 la concen-

tration dans le compartiment central (aussi appelé compartiment 1), EC50 la concentration

pour avoir 50% de l’effet maximal et n le coefficient de Hill. Ce dernier représente l’inclinaison

de la pente de l’effet en fonction de la concentration [42].
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Évidemment plusieurs autres modèles PD existent pour permettre de modéliser une di-

versité de relations exposition-réponse.

Ces modèles sont simples et comportent un nombre limité de paramètres, ce qui permet

leur estimation à partir de données de concentration et d’effet. Toutefois, ils ne permettent

pas de décrire ni d’étudier les mécanismes d’action des médicaments de façon plus détaillée.

C’est pourquoi, un modèle plus proche des mécanismes du système dopaminergique impliqués

dans la maladie de Parkinson et le TDAH, fut utilisé dans cette thèse en remplacement des

modèles PD classiques afin d’étudier l’effet de la lévodopa et du méthyphénidate.

La structure des modèles pharmacocinétiques/pharmacodynamiques (PK/PD) décrite

précédemment peut être utilisée pour étudier non seulement les concentrations et les effets

d’un médicament chez un individu, mais aussi dans une population. En effet, l’approche

PK/PD de population a été développée en 1972 par Sheiner [31] et permet d’inclure dans

les modèles la variabilité intra- et inter-individuelle. Pour ce faire, un modèle statistique de

régression à effets mixtes est ajouté au modèle structurel décrit précédemment [118]. Ce

modèle statistique intègre les effets moyens (fixes) et aléatoires, ces derniers permettant de

représenter la variabilité expliquée (inter-individuelle et intra-individuelle) et la variabilité

inexpliquée. Ainsi, un paramètre quelconque θ des modèles présentés précédemment (par

exemple k12, Emax,...) proviendra d’une distribution statistique, le plus fréquemment expo-

nentielle. Ce paramètre θ sera alors décrit par l’équation suivante pour l’individu i, dans le

cas d’une distribution exponentielle :

θi = θ∗eηi , (0.4.2)

où θ∗ est la valeur moyenne du paramètre dans la population, et ηi est une variable

aléatoire provenant d’une distribution, souvent normale, de moyenne 0 et de variance ω2
θ ,

ηi ∼ N (0, ω2
θ).

Les modèles PK/PD de population ont été standardisés puis adoptés par les industries

pharmaceutiques et les agences réglementaires telles Santé Canada. Le logiciel NONMEM a
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même été développé pour permettre l’utilisation de tels modèles et en faire l’estimation des

paramètres.

Dans la présente thèse, des modèles PK individuels ont été utilisés par souci de clarté.

En effet, l’objectif initial était de mettre en évidence et permettre l’étude des différents

mécanismes, sans interférence avec la variabilité inter-individuelle. Une fois les bases du

modèle bien établies, il serait envisageable d’y intégrer une approche PK de population.

0.4.1.2. Modèles de pharmacologie quantitative des systèmes (QSP).

Les modèles de pharmacologie quantitative des systèmes (Quantitative Systemes Pharma-

cology, QSP), de nature plus mécanistique, permettent de mettre en équations les différents

mécanismes impliqués dans le phénomène à l’étude. Afin de développer de tels modèles, il

convient de bien définir les objectifs à atteindre et de tenir compte de l’information et des

données disponibles. Ceci détermine aussi l’échelle à laquelle le modèle peut être construit,

allant de l’échelle moléculaire, cellulaire, en passant par celle de l’organe, jusqu’au niveau

de l’organisme et enfin de la population. Un modèle QSP, et plus généralement un modèle

mécanistique, peut être comparé à un casse-tête. Selon les objectifs de recherche, il n’est pas

toujours nécessaire d’assembler toutes les pièces du casse-tête afin de pouvoir deviner ses

contours, ses détails et les formes qu’il représente. Par analogie, une pièce de casse-tête sur le

système dopaminergique pourrait être utilisée afin d’étudier le TDAH. Au besoin et selon les

objectifs, d’autres pièces pourraient être ajoutées comme celle du système noradrénergique

par exemple. Un modèle ne repose pas uniquement sur l’information du jour, mais se bâtit

sur les réussites du passé, en ce sens qu’il a recours aux connaissances accumulées au fil des

années et à travers les disciplines, afin de remplir, voir même deviner les pièces manquantes

[30].

Un des avantages de ces modèles dits “systems-based” est leur adaptabilité et leur mo-

dularité, puisqu’ils se prêtent à un démontage de certaines pièces (sous-modèles) afin d’être

remplacées par d’autres, selon le besoin. Considérons par exemple un modèle contenant deux
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sous-modèles, l’un représentant un modèle PK de la lévodopa orale et l’autre, l’effet du mé-

dicament sur les ganglions de la base. Ce modèle pourrait être réutilisé afin d’investiguer

l’effet de l’infusion duodénale de la lévodopa et ce, en changeant uniquement le modèle PK.

Évidemment, ces modèles ne sont jamais une représentation parfaite de la réalité et ne

peuvent que compléter les études pré-cliniques et cliniques, essentiellement lorsque certaines

conditions ou scénarios ne peuvent pas être testés dans la réalité sur le plan éthique ou

pratique. En effet, ces modèles basés sur la physiologie et la pharmacologie des systèmes

sont typiquement utilisés pour tenter de comprendre les différents mécanismes impliqués

dans un phénomène complexe, vérifier la validité d’hypothèses de recherche ou encore étudier

le comportement du modèle dans des situations qui n’ont pas été testées expérimentalement

[110].

Les modèles mécanistiques développés en pharmacométrie, lorsque calqués sur la réalité

clinique et traduits en outils conviviaux, peuvent aussi aider les cliniciens dans leur prise

de décisions. Leur usage se popularise de plus en plus, particulièrement avec la disponibilité

de logiciels tels R-Shiny et Matlab, qui permettent de développer des applications Web ou

mobiles, sans avoir une expertise en programmation. L’ère de la m-santé, aussi appelée santé

mobile, est commencée [90].

0.4.1.3. Modèles mathématiques en m-santé.

Avec l’accès grandissant à internet et aux téléphones cellulaires dans la vie quotidienne,

l’utilisation d’applications mobiles pour une médecine de précision est rendue possible. Ces

outils mobiles peuvent être utilisés afin de recueillir, avec bien sûr le consentement du patient,

des données transmises par la suite à un professionnel de la santé [139]. En outre, les patients

auraient la possibilité par le biais d’une telle application, de subir un examen médical ou de

discuter de leur état avec leurs professionnels de la santé, ce qui permet de les responsabiliser

et de les impliquer dans leur propre santé [90].

L’utilisation adéquate de ces applications permettrait de recueillir, à plus faible coût,

différentes données médicales et allégerait la charge pesant sur le système de santé [73].

L’intégration de modèles mathématiques dans ces applications leur assurerait un niveau de
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rigueur souhaitable et les rendrait aptes à simuler une variété de scénarios pour en faire un

outil d’aide à la décision clinique. Ces applications d’aide à la décision permettent donc de

faire la transition vers une médecine personnalisée. À titre d’exemples, des applications ont

déjà été implémentées pour l’optimisation des régimes posologiques de la chimiothérapie ou

encore pour guider le traitement des patients atteints de septicémie [90].

Plus près des enjeux concernant cette thèse, l’utilisation de “journaux moteurs” dans

lesquels les patients décrivent leurs symptômes ont largement été utilisés comme moyens de

mesure des effets secondaires de la lévodopa. Ils sont par contre loin de faire l’unanimité

quant à leur précision, puisque les patients oublient fréquemment de les compléter ou y

répondent avec un certain délai, souvent de plus 4 heures après l’apparition des symptômes

[38]. Afin de palier à ce problème d’adhésion à l’inscription des effets dans leurs journaux,

des enregistrements vidéos des patients ont été réalisés afin d’avoir une évaluation plus juste

des symptômes et des effets secondaires. L’utilité de ces enregistrements, particulièrement

pour révéler des problèmes de posture et de démarche, a été démontrée [38]. Récemment,

le recours à des outils plus modernes, tels que le port, par les patients, de capteurs aux

poignets a permis la cueillette efficace de données. Ainsi, des données d’accélérométrie ont

été obtenues pendant un test de pronation-supination de la main. L’analyse de ces données,

à l’aide d’un algorithme d’apprentissage machine, a permis de quantifier l’état moteur des

patients [131]. Les évaluations du niveau moteur, obtenues à l’aide de l’algorithme, furent

similaires à celles déterminées par des professionnels de la santé [131]. De plus, ces données

obtenues durant une tâche de pronation-supination de la main ont servi à estimer de façon

personnalisée les paramètres d’un modèle PK/PD de la lévodopa/carbidopa. Ce modèle

personnalisé a par la suite été utilisé dans un algorithme d’optimisation afin de déterminer

le régime posologique optimal des microcomprimés de lévodopa/carbidopa de chaque patient

[130]. Il a été démontré qu’il n’y avait pas de différence statistiquement significative entre

la recommandation du clinicien et celle de l’algorithme.

Une application utilisant un modèle pharmacocinétique de population fut aussi implé-

mentée afin d’optimiser le régime posologique du méthylphénidate à libération immédiate
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dans le traitement du TDAH. L’optimisation nécessitait d’évaluer plusieurs régimes poso-

logiques potentiels à l’aide de “boîtes thérapeutiques”, tenant compte non seulement de

la fenêtre thérapeutique (une concentration minimale afin d’assurer l’efficacité du médica-

ment, une concentration maximale afin d’éviter les effets indésirables), mais également des

contraintes temporelles personnalisées des patients. Les régimes posologiques avaient été

évalués en fonction du pourcentage de temps pendant lequel la concentration plasmatique

associée à ce régime se trouvait dans les boîtes thérapeutiques, ainsi que du pourcentage de

profils pharmacocinétiques qui s’y retrouvaient [19].

Les modèles mathématiques en santé mobile commencent donc à faire partie intégrante

des outils d’aide à la décision clinique. Ces modèles permettent d’effectuer des simulations

qui vont bien au delà de celles réalisables auprès de patients. Afin de permettre l’acceptabilité

sociale et l’utilité clinique de tels outils, la validité des modèles et de leurs recommandations

doivent d’abord faire l’objet d’études où pharmacométriciens, professionnels de la santé et

potentiellement patients, en font l’essai de façon collaborative et itérative.

0.4.2. Modèles mathématiques de la maladie de Parkinson

L’étude de la maladie de Parkinson a suscité beaucoup d’intérêt à travers les années, et

a fait intervenir diverses intentions et approches. L’utilisation de modèles mathématiques a

contribué à la compréhension des mécanismes pathophysiologiques impliqués dans la maladie.

Ce n’est cependant que récemment que la combinaison de ces approches à des modèles

PK/PD a commencé à se retrouver dans la littérature. En effet, historiquement, les études PK

et/ou PD de la lévodopa, celles sur la dynamique de la dopamine ou sur la neurotransmission

dans les ganglions de la base ont co-existé de façon séparée.

0.4.2.1. Modèles PK/PD de la lévodopa.

Dans le but d’étudier les différents effets de la lévodopa et les transformations qu’elle

subit dans l’organisme, des modèles PK et/ou PD de la lévodopa ont été développés. Afin

d’obtenir une disponibilité continue de la lévodopa dans l’organisme et ainsi tenter de limiter

les effets secondaires, différentes voies d’administration sont utilisées. Des modèles PK de ces
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voies d’absorption de la lévodopa ont été proposés : voie orale [8, 26, 29, 72, 94, 121, 132],

infusion intraveineuse [27, 91] et infusion duodénale [94, 140].

Les modèles PK développés étaient typiquement composés d’un [72, 121, 132] ou de

deux compartiments [26, 27, 94, 91, 140].

Différentes mesures ont été utilisées dans les modèles PD pour la quantification de l’effet

de la lévodopa, telles que la fréquence de tapotement des doigts [26, 29, 91, 132], l’évaluation

des dyskinésies [29, 121], ainsi que les scores sur différentes échelles motrices [8, 121, 140].

Les modèles PK/PD ont permis de mettre en lumière différentes facettes de la lévodopa.

La réponse à long terme de la lévodopa, c’est-à-dire celle qui s’échelonne sur plusieurs jours,

a été étudiée pour divers groupes de patients : ceux naïfs de traitement, ceux ayant une

réponse stable à la lévodopa et ceux qui présentent des fluctuations motrices. Une réponse à

long terme était présente chez les patients stables. La réponse à court terme, soit en terme

d’heures, était quant à elle présente chez tous les patients. De plus, une augmentation de la

réponse à la lévodopa, combinée à l’apparition des dyskinésies, augmentait les fluctuations

motrices [91]. Une autre étude a fait ressortir que la lévodopa permettait d’augmenter la

fréquence de tapotement des doigts, utilisée comme mesure de la bradykinésie, tant à court

terme qu’à long terme (fréquence de base) [26].

L’influence de la combinaison typique lévodopa - inhibiteur de COMT a également été

étudiée à l’aide de modèles pharmacocinétiques [8, 72]. Il a été démontré que cet inhibiteur,

la tolcapone, permet de diminuer la quantité de lévodopa métabolisée, et donc d’en diminuer

la clairance [72] tout en augmentant sa concentration maximale ainsi que l’aire sous sa courbe

de concentration plasmatique [8].

Un autre modèle PK/PD a été élaboré afin d’étudier à la fois l’effet de la lévodopa sur

le score de l’échelle UPDRS et sur le niveau de dyskinésie. Ce modèle a servi à démon-

trer qu’aucun des paramètres PK de l’infusion intraveineuse n’est associé aux fluctuations

motrices [27], et que le score UPDRS et la réponse motrice maximale étaient associés à

l’apparition des dyskinésies [121].
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Des modèles PK/PD de la lévodopa sous forme d’infusion duodénale ont aussi été pro-

posés, et ont mis en évidence le fait que la variabilité inter-individuelle du temps à l’atteinte

de l’effet maximal était considérable [140]. L’absorption de lévodopa sous forme de gel in-

testinal est par ailleurs plus rapide, représente une variabilité intra-individuelle plus petite,

tout en possédant une biodisponibilité similaire à la forme orale [94].

Des modèles PK/PD ont aussi été développés pour l’étude spécifique de l’effet de la lé-

vodopa en fonction de la progression de la maladie. Il a ainsi été notamment démontré que

la durée de la maladie et le score sur l’échelle H&Y influencent les paramètres pharmaco-

dynamiques tels la concentration pour avoir 50% d’effet (EC50) et le coefficient de Hill du

modèle Emax [132]. Une autre étude réalisée chez des patients à des stades avancés de la

maladie a fait ressortir que le EC50 était augmenté et que la durée de l’effet était réduite [29].

Aux stades précoces de la maladie, la concentration thérapeutique était plus basse que celle

associée aux dyskinésies, tandis que ces concentrations se confondaient lorsque la maladie

atteignait des stades plus avancés [29].

Ces nombreuses études PK/PD ont permis de mettre en lumière la complexité de la lévo-

dopa et de son effet. Différentes solutions ont été proposées afin de tenter d’augmenter l’effet

de la lévodopa tout en minimisant l’apparition des effets secondaires, notamment par la va-

riation des voies d’administration ou par l’utilisation simultanée d’inhibiteurs de COMT. De

plus, ces études ont permis de démontrer l’importance de tenir compte de la progression de la

maladie dans la modélisation pharmacodynamique de la lévodopa. En prenant en considéra-

tion ces études, il nous apparaît nécessaire que ce domaine pharmacologique soit approfondi,

en développant une approche holistique qui intégrerait non seulement les différents aspects

reliés aux mécanismes de la maladie mais aussi la complexité de sa thérapie. C’est donc dans

cette optique que nous avons développé un modèle intégratif de pharmacologie quantitative

des systèmes (QSP) permettant d’étudier l’effet de la lévodopa avec la progression de la

maladie, tout en restant assez flexible pour envisager les autres voies d’administration de la

lévodopa, ainsi que ses différentes combinaisons.

0.4.2.2. Modèles de la dynamique de la dopamine.

35



Puisque des dysfonctionnements au niveau de la dynamique de la dopamine sont res-

ponsables de différentes pathologies, plusieurs groupes de recherche se sont intéressés à la

modélisation de cette dynamique, que ce soit pour identifier de nouvelles cibles thérapeu-

tiques, identifier les paramètres reliés au maintien de l’homéostasie, ou pour étudier l’effet

de médicaments existants.

Un modèle probabiliste, incluant la dopamine dans les vésicules et la fente synaptique,

a ainsi été développé afin d’investiguer les fluctuations motrices chez les patients parkin-

soniens. Ce modèle a identifié le taux de libération vésiculaire comme étant un paramètre

important dans l’apparition des effets secondaires [33]. La libération, la recapture et l’élimi-

nation de la dopamine dans la fente synaptique ont également été modélisées afin d’étudier

les processus de compensation qui permettent de maintenir un certain niveau en dopamine,

même après 85% de dénervation [103]. Dans ce modèle, le rôle du processus de modification

de la recapture dans le maintien de l’homéostasie a été mis en évidence. D’autres modèles,

incluant la dynamique dans le neurone et dans la fente synaptique, ont aussi permis d’iden-

tifier la synthèse de la tyrosine comme étant un paramètre important dans le maintien de

l’homéostasie [101], de quantifier le rôle des autorécepteurs dans la préservation d’un cer-

tain niveau de dopamine face aux fluctuations [17], d’identifier des cibles potentielles pour le

traitement de la maladie de Parkinson [102], ou d’étudier les effets de la lévodopa combinés

à un traitement d’inhibition de l’auto-oxydation de la dopamine [111]. En particulier, cette

dernière étude a démontré que cette combinaison permettait d’augmenter la concentration

en dopamine vésiculaire ainsi que la libération de dopamine.

Avec la progression de la dénervation, les neurones sérotoninergiques pourraient eux aussi

capter la lévodopa pour la libérer, par la suite, sous forme de dopamine. Un modèle de

dynamique de la dopamine combiné à un modèle de la dynamique de la sérotonine ont

permis d’étudier l’effet de la lévodopa sur le système sérotoninergique et la libération pulsatile

de dopamine [104]. Des simulations avec ce modèle ont permis d’émettre l’hypothèse que

l’augmentation de la libération de dopamine par les neurones sérotoninergiques, ainsi que la

diminution de la recapture par les transporteurs, toutes deux causées par la mort des neurones
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dopaminergiques, créeraient des fluctuations importantes dans le niveau de dopamine entre

les doses. Cette stimulation pulsatile serait impliquée dans l’apparition des dyskinésies.

Moins détaillé que les précédents, mais ajoutant l’aspect spatiotemporel dans sa modéli-

sation, un modèle de la dopamine dans la fente synaptique [36, 35] a permis d’étudier plus

spécifiquement la transmission avec ou sans lévodopa. Cette étude a démontré que la dopa-

mine phasique augmente particulièrement la liaison aux récepteurs D1, et qu’une dénervation

des neurones dopaminergiques non homogène dans l’espace entraînerait une modification de

sa signalisation.

Finalement, l’ajout de la dynamique de l’insuline, qui selon certaines études, influence la

dénervation dans la maladie de Parkinson, à un modèle de la dopamine a permis de démontrer

les bénéfices associés au fait de commencer le traitement rapidement au début de la maladie

[22].

Ces modèles ont permis d’identifier les mécanismes importants dans la dynamique de

la dopamine. Ils ont aussi permis de démontrer que la dénervation affecte non seulement la

libération, mais aussi la recapture et l’élimination de la dopamine. Cependant, l’effet de cette

modification de la dynamique de la dopamine sur la neurotransmission dans les ganglions

de la base n’était pas l’objet de ces études. De plus, ces modèles simulent des biomarqueurs

difficilement mesurables chez les patients, tels la concentration de la dopamine vésiculaire,

et donc plus difficilement applicables dans un contexte clinique. À cet effet, notre modèle,

qui inclut la dynamique de la dopamine et la neurotransmission dans les ganglions de la

base, peut être utilisé pour simuler des biomarqueurs cliniques afin d’étudier plus facilement

l’impact de la dénervation chez les patients.

0.4.2.3. Modèles neurocomputationnels des ganglions de la base.

Les modèles neurocomputationnels des ganglions de la base représentent une autre ap-

proche dans l’étude de la maladie de Parkinson, se rattachant au sillage tracé dans les années

1950 par Hodgkin et Huxley. Leur modèle mécanistique détaillé de la création de potentiels

d’action dans un neurone à la suite de l’induction d’un courant a permis de décrire fidèle-

ment des données recueillies sur des neurones de calmars [64]. Par la suite, plusieurs modèles

37



simplifiés ont été développés entre autres par FitzHugh, Nagumo et Morris, ou Lecar. Le mo-

dèle “leaky-integrate-and-fire” développé subséquemment par Lapicque représente le neurone

comme un circuit composé d’une résistance et d’un condensateur en série et permet ainsi

de simuler le potentiel de la membrane du neurone dans le temps [64]. C’est de ce type de

modèle qu’est inspiré le modèle neurocomputationnel des ganglions de la base utilisé dans

cette thèse.

Des modèles neurocomputationnels, mettant en équations non plus un neurone isolé mais

plutôt un réseau, ont aussi été développés, notamment pour étudier la maladie de Parkinson.

Dans le cas des ganglions de la base, il devient ainsi possible de décrire mathématiquement

les différentes régions et les différentes voies de neurotransmission, i.e. les voies directes,

indirectes et hyperdirectes [11, 10, 25, 32, 48, 50, 60, 62, 87, 125, 107, 134, 144].

Différentes mesures des symptômes ont été considérés dans la formulation de ces modèles,

tels que le tremblement [62, 125, 144], le score UPDRS [107], la fréquence de tapotement

des doigts [10, 134], le mouvement des bras [32], et la modification de l’écriture [50].

Des modèles neurocomputationnels axés sur l’étude de traitements existants ou potentiels

ont également été développés pour les ganglions de la base. Ainsi, une plateforme contenant

un modèle de compétition de récepteurs et un modèle de neurones a été développée afin

d’étudier l’effet de 95 médicaments reconditionnés. Cinq composés sérotoninergiques ont été

identifiés comme étant des médicaments prometteurs [125]. Ce modèle a ensuite été étendu

afin d’étudier de nouvelles cibles thérapeutiques, ce qui a permis d’identifier le caractère

prometteur de la combinaison de lévodopa avec des antagonistes des récepteurs sérotoni-

nergiques ou de l’adénosine (5-HT2A ou A2A) [107] pour le traitement de la maladie de

Parkinson. L’effet sur le tremblement de la lévodopa et du neurotransmetteur GABA ont

aussi été évalués [62]. Un autre modèle a reproduit le comportement oscillatoire des neurones

de la substance noire, qui serait à l’origine des symptômes, et l’effet des inhibiteurs calciques

de type L sur ceux-ci [47]. Ces simulations ont permis de démontrer que les inhibiteurs cal-

ciques peuvent réduire ou éliminer ces oscillations, ce qui pourrait contribuer à la diminution

des symptômes.
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Les effets de la stimulation cérébrale profonde (deep brain stimulation) ont été étudiés

à l’aide d’un modèle [144] des ganglions de la base, ayant précédemment servi dans l’étude

du tremblement essentiel [145] et des oscillations [85]. Il a été démontré que la stimulation

cérébrale profonde remplace les oscillations de petites fréquences et de grandes amplitudes

des neurones dopaminergiques, par des oscillation de grandes fréquences et petites ampli-

tudes. Un autre modèle a toutefois conclu que la stimulation cérébrale profonde chez les

Parkinsoniens peut les conduire à faire des choix impulsifs [25].

Différents impacts de la dénervation sur le mouvement volontaire des bras ont aussi fait

l’objet d’études par modélisation neuronale [32]. Cette approche a permis de reproduire

l’augmentation du temps de réaction et la variabilité plus importante dans le mouvement

observées chez les patients parkinsoniens. Une approche semblable a porté sur l’évolution de

l’écriture des patients parkinsoniens avec la progression de la maladie. Il a été démontré que

la réduction de la concentration en dopamine mène à une réduction de la taille de l’écriture

[50].

L’apprentissage avec ou sans médication chez les patients parkinsoniens a aussi été étudié,

en simulant différents niveaux de dopamine tonique et phasique [60]. Il a été démontré

que le nombre d’erreurs commises dans la tâche à apprendre augmente avec la diminution

de la dopamine tonique et phasique. Cette diminution a aussi été simulée pour étudier

l’apprentissage par renforcement chez les patients ayant reçu ou non de la médication [87].

Il a été démontré que l’apprentissage pourrait être compromis, même sous thérapie, puisque

le ratio entre la dopamine tonique et phasique ne serait pas rétabli. Il a aussi été démontré

que, grâce à l’apprentissage réalisé pendant son administration, la lévodopa pourrait avoir

un effet à court et à long terme [134].

Ces modèles sont une illustration de l’utilité de la modélisation mathématique dans

l’étude des effets thérapeutiques des traitements sur les ganglions de la base, lesquels sont

difficiles d’accès chez les patients. Toutefois, les modèles précédents ne tenaient pas compte

de la progression de la maladie de Parkinson et du changement dans la réponse à la lévodopa

qui en découle. Pour reproduire cet effet, il est nécessaire de combiner les deux approches
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décrites précédemment, à savoir la modélisation de la dynamique de la dopamine et celle

des ganglions de la base. En particulier, les travaux réalisés dans le cadre de cette thèse ont

été inspirés par le modèle des ganglions de la base développé par l’équipe du Dr. M. Ursino

[11, 10].

0.4.3. Les modèles mathématiques du TDAH

Tout comme pour la maladie de Parkinson, un dysfonctionnement au niveau de la dyna-

mique de la dopamine dans les ganglions de la base serait impliqué dans le TDAH. Ainsi,

dans le cadre de cette thèse, le modèle développé initialement pour l’étude de la maladie de

Parkinson a été adapté pour étudier le TDAH et les effets du méthylphénidate.

Par le passé, le TDAH et sa médication ont été étudiés, entre autres, à l’aide de modèles

PK/PD et de modèles représentant la prise de décisions. Cependant, très peu de ces études

ont décrit les mécanismes sous-jacents de façon quantitative.

0.4.3.1. Modèles PK/PD du méthylphénidate.

Des études PK/PD impliquant le méthylphénidate ne manquent pas dans la littérature,

en raison du grand usage de ce médicament sous différentes formes, et ont bien servi à

identifier les paramètres importants pour l’optimisation de sa posologie.

À titre d’exemples, citons la mise en évidence, par un modèle PK, du poids comme

covariable importante à considérer pour moduler la dose prescrite [115], ou encore une

attribution à des profils d’absorption différents des différences existant entre la cinétique du

méthylphénidate avec multicouches à libération prolongée et celle à libération immédiate [2].

Comme mentionné précédemment, une optimisation du régime posologique du méthyl-

phénidate à libération immédiate a aussi été réalisée dans un contexte de pharmacocinétique

de population [19], en se basant sur l’optimisation des concentrations plasmatiques soumises

à des seuils minimaux et maximaux et à des contraintes temporelles définies par les activités

quotidiennes du patient.

Un modèle pharmacodynamique d’une nouvelle formulation du méthylphénidate à libé-

ration prolongée de type Emax a été développé en utilisant le score sur différentes échelles
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comme mesure de l’effet. De nouveau, un lien direct entre le poids et la dose efficace a été

trouvé [129]. Ce modèle fut subséquemment réutilisé pour le méthylphénidate sous forme de

capsules multicouches à libération prolongée et il a été démontré que le médicament avait

alors un profil d’absorption double [3].

L’atteinte d’un effet maximal après 12h fut démontrée pour le méthylphénidate à libé-

ration prolongée et retardée à l’aide d’un modèle PK/PD utilisant différents scores pour en

mesurer l’effet [54]. La durée de l’effet augmentait alors avec la dose.

Un modèle PK/PD intégrant l’occupation des transporteurs DATs a permis de démon-

trer que la concentration plasmatique en méthylphénidate et la concentration en dopamine

augmentent avec l’augmentation des doses [119].

Ainsi, des modèles PK/PD ont permis l’étude de différentes facettes du méthylphénidate,

sans toutefois représenter les mécanismes sous-jacents à son effet. Les travaux réalisés dans

la présente thèse se distinguent par leur approche mécanistique de l’effet de ce médicament

sur le système dopaminergique.

0.4.3.2. Modèles pour l’étude du TDAH.

La modélisation mécanistique du TDAH n’a reçu que peu d’intérêt, probablement dû à

l’incertitude quant aux causes exactes impliquées.

Dans une des rares études comprenant un modèle neurocomputationnel des ganglions

de la base ainsi qu’une modélisation de l’apprentissage sous l’effet de la dopamine et de la

noradrénaline, une diminution de la dopamine tonique et phasique a mené à un apprentissage

erroné dans la voie directe des ganglions de la base, pouvant toutefois être inversé grâce à la

médication [49].

Les modèles les plus utilisés pour étudier le TDAH sont ceux de type “drift-diffusion” et

“reinforcement learning”, ou “apprentissage par renforcement”. Ces deux types de modèles

permettent de simuler le choix entre différentes réponses face à un stimulus, réponses classées

“correctes” ou “incorrectes”. Il est ainsi possible de quantifier le nombre d’erreurs commises

et le temps de réaction après la réception d’un stimulus.
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Les modèles de type “drift diffusion” représentent la prise de décision entre deux options

comme étant l’accumulation de justifications en faveur des différents choix jusqu’à ce qu’un

seuil soit franchi. Un modèle de ce type a été utilisé pour l’étude de l’effet de la dopamine

phasique sur l’apprentissage, et a conduit à la conclusion qu’un apprentissage asymétrique

(i.e. avec davantage d’apprentissage positif), pourrait être responsable des symptômes du

TDAH [28]. Ce type de modèle a aussi permis d’étudier les différences chez les enfants

souffrant ou non de TDAH [41], en montrant que le paramètre de rythme d’accumulation de

justifications était plus lent chez le groupe souffrant de TDAH [41, 67]. Même commencer

avec un biais en faveur de la bonne décision ne permet pas de contrebalancer la diminution du

rythme d’accumulation des justifications. Il a aussi été démontré que ce rythme augmente

chez les patients souffrant de TDAH de manière corrélée avec le temps qu’ils passent à

accomplir la tâche [66]. De plus, ces patients avaient plus de difficulté à distinguer les stimuli

auxquels ils devaient répondre de ceux auxquels ils ne devaient pas répondre [66].

Les modèles de type “apprentissage par renforcement” permettent de simuler l’apprentis-

sage stimulus-réponse. Ce modèle comprend un terme qui permet de quantifier la différence

entre la récompense attendue après un choix et celle réellement obtenue. On appelle ce terme

“l’erreur de prédiction de la récompense” (“reward prediction errror”). À partir de la valeur

de ce terme, la probabilité de réponse à différents stimuli est calculée. Encore une fois, selon

le stimulus reçu, certaines réponses sont qualifiés de “correctes” ou “incorrectes”. Le nombre

d’erreurs commises peut donc être calculé.

Une estimation des valeurs des paramètres de ce modèle chez les sujets sains et souffrant

de TDAH a été effectuée, et il a été constaté que le paramètre associé au ratio du comporte-

ment qualifié d’“exploration” sur celui d’“exploitation” était modifié. Les patients souffrant

de TDAH auraient donc un comportement plus exploratoire [63] que les sujets sains.

Par ailleurs, la combinaison de ce type de modèle à un modèle des ganglions de la base

a été réalisée à des fins de simulation de l’effet d’une lésion du système dopaminergique

dans différents contextes d’apprentissage, et il a été démontré que celle-ci mènerait à des

problèmes au niveau de la motivation [120].
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Ces différents modèles ont permis de mettre en lumière le comportement plus exploratoire

des patients souffrant de TDAH, en plus d’associer certaines paramètres aux symptômes. Par

contre, ces modèles n’incluent pas les composantes mécanistiques du TDAH, ce qui limite

leur utilité concernant l’étude des causes et des processus impliqués dans ce trouble, ainsi

que leur pouvoir prédictif.

0.5. Objectifs

De par leur similarité au niveau de l’impact qu’elles ont sur le système dopaminergique

des ganglions de la base, deux pathologies, ainsi que leurs pharmacothérapies, seront étudiées

dans cette thèse, soient la maladie de Parkinson et le TDAH.

L’objectif principal de cette thèse est d’élucider les mécanismes impliqués dans l’effet des

médicaments associés au système dopaminergique des ganglions de la base, plus précisément

sur la lévodopa dans le contexte de la maladie de Parkinson et le méthylphénidate dans le

cas du TDAH.

Cet objectif se décline en cinq sous-objectifs, présentés sous forme d’articles, parus, soumis

ou en préparation :

— Développer un modèle QSP de la maladie de Parkinson intégrant la dynamique de la

dopamine et la neurotransmission dans les ganglions de la base pour étudier l’effet de

la lévodopa avec la progression de la maladie.

— Étudier les effets non-linéaires de la dénervation sur la pharmacodynamique de la

lévodopa qui compliquent son optimisation.

— Développer, en tant que preuve de concept, une application Web pour aider les clini-

ciens à identifier les régimes posologiques optimaux de la lévodopa.

— Évaluer, à l’aide d’un modèle QSP, les impacts possibles d’un débalancement de la

dopamine tonique et phasique sur les ganglions de la base et sur la réponse à un

stimulus dans le cadre du TDAH.
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— Évaluer l’effet du méthylphénidate sur la performance après apprentissage, en utilisant

un modèle de TDAH de débalancement de la dopamine tonique et phasique selon

différents scénarios d’apprentissage.

La conclusion et les perspectives futures sont présentées dans la discussion.
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Dans ce premier chapitre, l’objectif est de développer un modèle représentant les mécanismes

importants impliqués dans la pharmacodynamique de la lévodopa ainsi que l’impact de

la dénervation sur ceux-ci. Le modèle développé est conçu sur la base des connaissances

actuelles de la physiopathologie et de la pharmacologie de la maladie de Parkinson et intègre

la pharmacocinétique de la lévodopa, la dynamique de la dopamine et la neurotransmission

dans les ganglions de la base. Grâce à ce modèle, la fréquence de tapotement des doigts dans

le temps, utilisé comme indicateur clinique de la bradykinésie, pour une dose de lévodopa à

différents stades de la maladie a pu être étudiée.



Abstract. Levodopa is considered the gold standard treatment of Parkinson’s disease.

Although very effective in alleviating symptoms at their onset, its chronic use with the pro-

gressive neuronal denervation in the basal ganglia leads to a decrease in levodopa’s effect

duration and to the appearance of motor complications. This evolution challenges the estab-

lishment of optimal regimens to manage the symptoms as the disease progresses. Based on

up-to-date pathophysiological and pharmacological knowledge, we developed an integrative

model for Parkinson’s disease to evaluate motor function in response to levodopa treatment

as the disease progresses. We combined a pharmacokinetic model of levodopa to a model

of dopamine’s kinetics and a neurocomputational model of basal ganglia. The parameter

values were either measured directly or estimated from human and animal data. The con-

centrations and behaviors predicted by our model were compared to available information

and data. Using this model, we were able to predict levodopa plasma concentration, its

related dopamine concentration in the brain and the response performance to a motor task

for different stages of disease.

Keywords: Parkinson’s disease, levodopa, dopamine kinetics, basal ganglia, denervation

1. Introduction

Parkinson’s disease is the second most common neurodegenerative disorder after

Alzheimer’s [69]. Its generated motor symptoms are associated with the loss of dopaminer-

gic neurons in the substantia nigra in the nigrostriatal pathway [69], leading to dopamine

depletion in the striatum (caudate putamen). Symptoms of Parkinson’s disease include

rigidity, tremor at rest, postural disabilities, and bradykinesia, which is a disabling symptom

defined by the slowness of the movements. The complexity of the disease and its involved

mechanisms calls for the development of an integrative approach using mathematical

modeling.

Going beyond a descriptive role, the main objective of the current study is to develop a

holistic approach that integrates a mechanistic model of basal ganglia, levodopa kinetics and

dopamine kinetics in order to help understanding the underlying mechanisms of Parkinson

therapy as the disease progresses and to design proper therapeutic interventions. With this
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objective in mind, we put within the same framework a pharmacokinetic (PK) model of lev-

odopa that we interface with a neurocomputational model of basal ganglia, where dopamine

kinetics is mechanistically described. The temporal profiles of levodopa concentration in

plasma and brain, as well as dopamine concentration in the brain are derived. The model

presented here could be used in future studies to optimize levodopa’s regimen in an individ-

ualized manner.

To assess the degree of severity of the disease, numerous tests are used and expressed

in different scales, the most common being the Unified Parkinson’s Disease Rating Scale

(UPDRS). The finger tapping task is generally used as a clinical biomarker since it has

been shown to correlate with bradykinesia subscore in terms of UPDRS scale [43, 73]. The

tapping frequency was used here as an output of the model to study the motor activity of

patients and the severity of bradykinesia.

Levodopa, considered as a gold standard treatment, is one of the most effective drugs to

relieve motor symptoms of Parkinson’s disease [56]. While levodopa appears to slow disease

progression [41] and to have long duration response [16], it does not completely stop the

progression of denervation [65]. Denervation is therefore an important aspect of the present

work. Levodopa is converted to dopamine and acts in reducing the disease symptoms[19].

Unfortunately, while levodopa is very effective during the first years of therapy, its effect is

altered with the progression of the disease. The initial period of long-lasting effect with al-

most complete suppression of symptoms is referred to as the “honeymoon period” [42]. After

several years of treatment, the effect duration and the delay between plasma concentration

and effect both shorten [42], leading to more frequent administration of levodopa and higher

doses. This is thought to induce disabling side effects such as involuntary movements called

dyskinesias [71]. These complications call for a better understanding of the modification of

the mechanisms involved in disease progression and the response to therapy.

The integrative model developed here presents three novelties. First, our model takes

into account levodopa’s, dopamine’s and basal ganglia’s kinetics all together with physiolog-

ically interpretable parameters. Second, the effect of nigrostriatal denervation throughout
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the model is represented. Finally, each model component is separately verified through com-

parison with available data, providing reliability of its predictions. Altogether, this leads

to an integrative and physiologically realistic model that helps understanding Parkinson’s

disease’s progression and its medication.

Previous studies have looked separately at the effect of levodopa, the dopamine kinetics

and the neurotransmission in the basal ganglia.

The evolution of the therapeutic effect of levodopa during the progression of the dis-

ease was previously evaluated using empirical equations, namely the Emax models [15, 18,

42, 55, 75]. Disease progression was correlated with pharmacodynamic parameters and

levodopa duration effect [75]. Studies were conducted to assess the difference in the phar-

macodynamic parameters between early and advanced parkinsonian patients. Modifications

in parameters such as endogenous effect of dopamine [15], endogenous release [42], maximal

change in response [15], maximal effect [42], concentration to 50% effect (EC50) [18] and

steepness of effect curve [75] were observed. Although these studies highlight the importance

of incorporating disease progression into pharmacodynamic modeling of levodopa, they do

not provide mechanistic explanation. In the current work, the influence of disease progres-

sion on release, recapture and elimination of dopamine in the brain is explicitly modeled to

enable a better understanding of the evolution of levodopa’s effects with the disease.

Previous studies focused exclusively on the modeling of dopamine kinetics with and

without levodopa in Parkinson’s disease [9, 25, 26, 61, 62]. Although more complex and

detailed, these models did not include the effect of dopamine on the basal ganglia. Since

dopamine concentration does not invariably reflect the effect of levodopa throughout the

disease, it was important to include the neuronal activity in the model. Other models were

more concerned with dopamine kinetics in normal and pathological states and did not address

therapy [9, 25, 26]. Compared to these models, the use of the present model can be extended

to understand the impact of different mechanisms (such as modification of receptor’s density,

of DATs recapture, of neurotransmission,...) on the disease progression and its medication.
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Other studies have focused their work on understanding Parkinson’s disease through

neurocomputational models of basal ganglia, which is the extrapyramidal center of control,

selection and initiation of movement [5, 7, 6, 14, 21, 28, 37, 29, 35, 51, 66, 76, 79].

Basal ganglia are composed of subregions and include the striatum, the globus pallidus, the

substantia nigra and subthalamic nucleus. The neurotransmission is carried out through

the direct, the indirect and the hyperdirect striatal output, where the former promotes the

movement, the second decreases it, and the latter is responsible for suppression of erroneous

movements. In the classical models [3, 20, 22], a proper action selection is thought to be

the result of a balance between these pathways. Dopamine (DA) loss involved in Parkinson’s

disease is reported to disrupt this natural balance at the striatal level [3]. Although the above

mentionned model of basal ganglia included the nuclei and the neurotransmission pathways,

neither of them included dopamine kinetics as ours.

The current study focuses on the modeling of levodopa and its effect on both dopamine

kinetics and basal ganglia function through a quantitative systems pharmacology approach.

It is aimed to provide a more thorough understanding of levodopa kinetics and action. The

model here developed tries to keep a good balance between simplicity and accuracy. The

paper is organized as follows. The description of the three submodels and the role of neuronal

death in the evolution of the different involved mechanisms are given in Section 2. The

validation of the whole model using available data is presented in Section 3.1. Simulation

of a virtual patient and the effect of the progression of the disease on the motor task are

presented in section 3.2 and 3.3 respectively. Details on the model and the scaling of some

equations are given in the Supplementary material.

2. Methods

The whole model is divided into three parts, each of which is detailed in a separate section

below. It represents the different mechanisms relevant to understand the effect of levodopa

and the progression of the disease on dopamine kinetics and neurotransmission in the basal

ganglia. This physiological integrative model is a combination and an extension of three
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models previously proposed [6, 7, 25]. The first part consists in a pharmacokinetic model

of levodopa, adapted from Baston et al. [6]. The dopamine kinetics model is detailed in

the second part. The processes of dopamine’s release, recapture by dopamine transporters

(DATs), elimination and occupancy of the dopaminergic receptors are included, along with

their interrelationship with nigrostriatal denervation. In the third part, the neuronal activity

of each region of the basal ganglia is reproduced by simulating the direct, indirect and hyper-

direct neurotransmission pathways, which respectively promotes the movement, decreases it

and suppresses erroneous movement, and their response to dopamine concentrations. The

finger tapping frequency as an output of the integral model is assessed. Figure 6 depicts the

three models and their connections.

Dose Plasmatic

concentration

Dopamine's 

and bound receptor's 

concentrations

Tapping

frequency

Pharmacokinetic

model

Dopamine

dynamics

Neurocomputational

model of basal

ganglia

Figure 6. Representation of the three parts of the whole model

Disease progression is represented here by the degree of nigrostriatal denervation, de-

scribed with the fraction of neurons alive in the substantia nigra, denoted f , which alters

the mechanisms involved in the three different parts of the model. When a linear regression

between the neural density and the UPDRS3 score was performed [33], it was shown that

neuronal density in the substantia nigra is inversely correlated with UPDRS3 score [33], so

would be the case for the fraction f .

2.1. Modeling the pharmacokinetics of levodopa

The dopamine precursor levodopa is one of the most effective treatments of Parkinson’s

disease. Unlike dopamine, it is able to cross the blood brain barrier to reach the basal ganglia.

Levodopa is then decarboxylated into dopamine by the neurons of the substantia nigra,

enhancing dopamine release by the remaining dopaminergic neurons. Levodopa has been

shown to successfully alleviate symptoms for many years following the initial diagnosis. With

disease progression, the effect duration and the delay in the effect are thought to be shorter
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because of the loss of buffering capacity of the neurons [27, 57, 60]. In early stages of the

disease, the neurons, which are still in sufficient quantity, store dopamine and release it into

the synaptic cleft as required. This allows the effect of levodopa to last longer than its plasma

concentration. With the progression of the disease and the loss of dopaminergic neurons,

this storage capacity is presumably lost and dopamine is released almost immediately. At

this stage, levodopa effect starts to mimic the plasma concentration. Pharmacodynamics

studies using an Emax model have shown an increase in EC50 and the Hill coefficient n with

progression of the disease measured by Hoehn and Yahr (H&Y) stages [1, 18]. This increase

in pharmacodynamic parameters with disease progression is however still subject to debate

[16]. It does not however concern the model developed in this work because the Emax model

is substituted by a dopamine kinetics model combined to a neurocomputational model of

basal ganglia. The dopamine kinetics model is used to represent the different processes

regulating dopamine concentration in the striatum (release, recapture and removal). This

model is linked to a neurocomputational model to represent the dopamine action on the

neurotransmission pathways.

Pharmacokinetic (PK) studies [6, 15, 68] have shown that two-compartment models are

good fit of levodopa concentrations. The herein PK model was adapted from [6], which was

used with the neurocomputational model of basal ganglia to represent the PK of a typical

patient. Figure 7 is a schematic representation of the PK model for an intravenous infusion.

C2
Q12

Q21

CLe1

Q13

k0(t)

C1 C3

Dose

CLe3

Figure 7. Representation of the two compartment pharmacokinetic model of levodopa with
a third compartment for levodopa in the brain
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Concentrations C1 and C2 in the central and peripheral compartments are respectively

given by:

V1
dC1

dt
= k0(t) +Q21C2 − (Q12 + CLetot)C1, (2.1)

V2
dC2

dt
= Q12C1 −Q21C2, (2.2)

where Qij is the inter-compartment clearance between the ith and the jth compartments.

As mentioned in [6], Q12 and Q21 take slightly different values to provide good fitting of

individual plasma concentrations. This raises a problem of identifiability of parameters Q12

and Q21 that was not addressed in the present work. The total clearance is given by the

parameter CLetot with CLetot = CLe1 + Q13. The infusion rate is k0(t). As the disease

progresses, the PK of levodopa remains the same, so the parameters of equations 2.1 and

2.2 are not affected by the fraction f of neurons alive [18]. Levodopa brain concentrations

in the third compartment C3 are given by:

V3
dC3

dt
= Q13C1 − CLe3C3. (2.3)

At early stages of the disease, dopamine is still functionally released in the synaptic cleft,

modulated by the need in dopamine. With disease progression, this buffering effect of the

neurons is increasingly lost, leading to a rapid and pulsatile rather than continuous release of

dopamine in the synaptic cleft [74]. This loss of buffering effect was previously modeled by

assuming that the value of CLe3 is increased with the loss in dopamine [18, 38, 55, 54, 75].

The parameter CLe3 which represents the clearance from the effect compartment (here the

brain) was shown to be correlated with nigrostriatal denervation [24]. Parameter Q13 was

also previously correlated with denervation [11, 18, 77]. In the current model, we assumed

that both CLe3 and Q13 are correlated with the loss of neurons. Indeed, since dopamine

is released more rapidly due to the loss of buffering capacity in the synaptic cleft, Q13 is

assumed to become higher with denervation. It is as if levodopa fills a reservoir that slowly

leaks and becomes leakier with denervation, hence CLe3 and Q13 are higher with denervation.

With the progression of the disease, equation 2.3 is modified and the concentration in the
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brain is given by:

V3
dC3

dt
= 1
f
·Q13C1 −

1
f
· CLe3C3. (2.4)

The denervation progresses with disease, resulting in a smaller fraction f of neurons alive

(higher values of 1/f .) In a previous work, an exponential function was used to describe the

denervation with symptom duration in years [45].

The value of parameter CLe1 is much larger than the value of Q13, hence the value of CLetot

is almost equal to CLe1. For the sake of simplicity, the total elimination parameter (CLetot =

CLe1 +Q13) of the first compartment has been maintained constant throughout the disease

even ifQ13 is modifed by f . This choice is supported by the observation that denervation does

not impair the pharmacokinetics, hence the total elimination remains unchanged [18]. The

parameters Vi in the previous equations represent the volume of compartment i. The initial

condition for C1, C2 and C3 is zero. Most parameter values were taken from patient 1 in [6],

estimated from plasma concentrations and effect (measured as finger tapping frequency) by

considering f = 0.30. Only parameter Q13 was estimated to obtain a maximal levodopa brain

concentration close to the one presented in [53]. Patient 1 was chosen since he exhibits quite

a stable response to levodopa, with just a moderate decrease in tapping frequency during the

first hours after drug administration. The behavior of more unstable patients presented in [6]

can be simulated via a reduction in f , as demonstrated below. No significant difference was

seen in pharmacokinetics between patients with or without motor fluctuations in previous

studies [6, 27, 55]. The parameter values are presented in Table 1.

2.2. Modeling the Dopamine Kinetics

The extracellular dopamine concentration in the striatum is regulated by different pro-

cesses. It is synthesized by dopaminergic neurons of the substantia nigra and released in

the striatum. It can then be recaptured by DATs on the presynaptic neurons and elim-

inated or removed from the synaptic cleft. The remaining dopamine molecules can bind

to dopaminergic receptors (D1 and D2 receptors are considered here) on the postsynaptic
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Table 1. Parameter values of the PK model

Parameter Description Value Reference
Q12 Inter-compartmental

clearance from
compartment 1 to
2

9.11 L/min* [6]

Q21 Inter-compartmental
clearance from
compartment 2 to
1

10 L/min* [6]

Q13 Inter-compartmental
clearance from
compartment 1 to
3

0.0021 L/min estimated

CLe3 Clearance from
compartment 3

0.006 L/min [6]

CLe1 Clearance from
compartment 1

0.7979 L/min [6]

V1 Volume of compart-
ment 1

12 L [6]

V2 Volume of compart-
ment 2

32 L [6]

V3 Volume of compart-
ment 3

2 L [6]

k0(t) Infusion rate 3.33 mg/min for 0 ≤ t ≤ 30min
0 mg/min for t ≥ 30min [6]

* The

values of Q12 and Q21 are not identifiably different.

neurons. To maintain simplicity of the model, not all reactions in the neurons nor inter-

actions with enzymes are detailed, but only the main processes for which information and

data are accessible. Indeed, dopamine metabolism and DAT density were evaluated through

both positron emission tomography (PET) and single-photon emission computed tomogra-

phy (SPECT) [34]. Distruption in the L-Tyrosine to vesicular dopamine pathway was not

modeled here as in [62]. Focus was kept on release, reuptake and elimination of dopamine

in the synaptic cleft and their influence on dopamine concentration.

Figure 8 illustrates the processes of dopamine kinetics included in the model.

We here explicitly add the influence of removal that can be affected in different ways by

the loss of dopaminergic neurons. The processes of release, recapture and elimination were

described in the current model using the following relation to express dopamine concentration
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Figure 8. Schematic representation of release, recapture by DATs, binding to receptors and
elimination of the dopamine in the synaptic space.

Cdop(t) in µmol/L in the synaptic space:

VSC
dCdop(t)

dt︸ ︷︷ ︸
Dopamine concentration

= ĨDA(t)︸ ︷︷ ︸
Dopamine Release

− ṼmaxCdop(t)
(km + Cdop(t))︸ ︷︷ ︸
Recapture by DATs

−CLremCdop(t)︸ ︷︷ ︸
Removal

(2.5)

where VSC is the volume of the synaptic cleft. It is possible to rewrite equation 2.6 as the

following:

dCdop
dt

= ĨDA(t)
VSC

− ṼmaxCdop(t)
VSC(km + Cdop(t))

− CLrem
VSC

Cdop(t) (2.6)

= IDA(t)− VmaxCdop(t)
km + Cdop(t)

− kremCdop(t) (2.7)

where the values of parameters Vmax, km and krem are given in Table 2. The binding of

dopamine to receptors was neglected in equation 2.6 as in [44] because dopamine kinetics

are dominated by transporters uptake rather than by binding to receptors. Indeed, the

removal of dopamine from synaptic cleft by receptors binding is much slower than from re-

uptake by transporters DATs [44]. The variable IDA(t) could account for dopamine release

from serotoninergic terminals in future studies. In the current study, IDA(t) only expresses

release by dopaminergic neurons. The details of the determination of the variable IDA(t) are
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presented in Section A.2 of the Supplementary Material. This release variable is the sum

of the endogenous and exogenous dopamine. In the present model, levodopa brain concen-

tration needs to be converted into its equivalent increase in dopamine release. Exogenous

dopamine release by levodopa is assumed to be proportionnal to concentration C3:

IDA(t) = IDAendogenous + IDAlevodopa(t) (2.8)

= IDAendogenous + k3dopC3(t). (2.9)

The value of IDAendogenous is given in Table 2. IDAendogenous is considered to be the constant

tonic release of dopamine and IDAlevodopa is changing in time as concentration of levodopa

in the brain C3 is changing. IDAendogenous and IDAlevodopa are proportional to the terminal

density, the vesicular release probability, the number of molecules released per vesicule fusion

and the average firing rate of dopaminergic neurons. They are inversely proportional to the

extracellular volume fraction and the Avogadro’s constant [25]. The parameter k3dop also

contains the conversion factor of C3 from µg/mL to µmol/L. More details are given in

section A.2 of Supplementary material. The scaling of levodopa brain concentration into its

related release of dopamine is presented in section A.1 of Supplementary material. Recapture

by DATs is a saturable process given by a Michaelis-Menten equation. All other processes

leading to the removal of dopamine such as diffusion far from the release site, or metabolism

by the Catechol-O-methyltransferase (COMT) in glial cells or neurons, are considered linear

[13, 25]. Equation 2.7 was proposed in several papers dedicated to dopamine kinetics [9,

25, 61]. The merit of this equation lies in the physiological interpretation of its involved

parameters, readily measurable from experimental data.

As the disease progresses, neurons will die in the substantia nigra, leading to changes in

the dopamine kinetics. Considering f as the fraction of neurons alive, equation 2.6 becomes:

dCdop(t)
dt

= f · IDA(t)− f · VmaxCdop(t)
(km + Cdop(t))

− 1
f
· kremCdop(t). (2.10)

It is assumed that the release variable IDA(t) decreases linearly with the loss of neurons.

While the exact relation is not known, the recapture by DATs is also assumed to decrease

72



linearly with the loss of neurons in the present model since the transporters are located on the

dying neurons [25, 61]. The linear removal from the synaptic cleft is usually lower compared

to reuptake because the neurons of the substantia nigra are densely packed, so the dopamine

molecules are recaptured by DATs from neighboring terminals before they have had time

to be removed by other mechanisms. As the disease progresses and the terminals become

sparser, it gets easier for the dopamine molecules to be removed, justifying the assumption of

inverse proportionality to the fraction of neurons alive for linear removal [61]. As shown in

Figure 9, the main route of dopamine elimination from the synaptic cleft is through recapture

by DATs until too many neurons have died. The contribution of enzymatic elimination or

of the other removal processes increases with denervation and it becomes the dominant one

when f < 0.05.
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Figure 9. (a) Rate of dopamine linear removal at homeostasis, (b) Rate of dopamine’s
recapture by DATs transporters at homeostasis and as function of fraction of neurons alive
(f) (c) Both recapture and removal routes for f below 0.2

Once in the synaptic cleft, dopamine can bind to dopaminergic receptors D1 and D2.

The concentration of bound receptors to dopamine of type i with i ∈ {D1, D2} is given by
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Table 2. Parameter values for the dopamine kinetics model

Parameter Descrition Value Reference
IDAendogenous Endogenous release rate 0.9963 µmol/L/s [25]
Vmax Maximal reuptake rate by DATs 4 µmol/L/s [25]
km DATs dissociation constant 0.16 µmol/L [25, 61]
krem Removal rate 0.04 1/s [13, 25]
kD1
D D1 receptor dissociation constant 1 µmol/L [49]
kD2
D D2 receptor dissociation constant 0.01 µmol/L [49]
BD1
max D1 receptor maximal density 0.007 µmol/L [17]

BD2
max D2 receptor maximal density 0.015 µmol/L [46]

the following equation:

Bound receptori = Bi
maxCdop

kiD + Cdop
. (2.11)

The maximal concentration of receptors of type i is given by Bi
max. The dissociation constant

kiD of the receptors changes according to receptors’ affinity. kiD is approximatively 1 µM for

low affinity state and 0.01 µM for high affinity state [52, 63]. In the striatum, we considered

that most of the D1 receptors are in low affinity state and D2 receptors are in high affinity

state [63]. The parameter values of equations 2.7 and 2.11 are given in Table 2 with the

references from which they were drawn. The bound receptor concentration will be considered

representative of the postsynaptic effect of dopamine [39]. In the neurocomputational model

of basal ganglia, Bound receptorD1 and Bound receptorD2 act on the activity of neurons in

the striatum. Bound receptorD1 acts on the Go pathway and Bound receptorD2 on the

NoGo and cholinergic pathways.

2.3. Modeling the Basal Ganglia

The basal ganglia are the control center for movement’s selection and initiation [50].

They are composed of subcortical nuclei such as the striatum, the globus pallidus, the sub-

stantia nigra and the subthalamic nucleus. They are divided in three main neurotransmission

pathways: the direct pathway which promotes the movement, the indirect pathway which

decreases the movement and the hyperdirect pathway which suppresses erroneous movement.
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The direct pathway connects the striatum, the globus pallidus internal (GPi) and the tha-

lamus. The indirect pathway connects the striatum, the globus pallidus external (GPe), the

GPi and the thalamus. The dopaminergic receptors present on the neurons of the striatum

are mainly D1 (Go or G) and D2 (NoGo or N). Neurons presenting D1 and D2 receptors will

be considered separately in the model since direct-pathway striatal neurons contain more D1

receptors, while indirect-pathway striatal neurons contain more D2 receptors [30]. Finally,

the hyperdirect pathway connects the cortex to the subthalamic nucleus. In the classical

model [3, 20, 22], correct motor responses are the result of balance between these three

neurotransmission pathways. This classical model states that, in Parkinson’s disease, this

balance is lost. Dopamine acts on the neurotransmission pathways. It is mainly excitatory

for D1 and inhibitory for D2. In the current model, dopamine also acts on the striatal

cholinergic interneurons. In this model, dopamine inhibits cholinergic interneurons, which

in turn provides inhibition to the Go neurons and excitation to the NoGo neurons, with

an opposing role compared with dopamine. The thalamus and cortex are also included in

the current model to complete the neurotransmission loops. A schematic representation of

the basal ganglia nuclei and the three neurotransmission pathways of the model is given in

Figure 10.
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Figure 10. Schematic representation of the basal ganglia and the three neurotransmission
pathways [6]

The neurocomputational model of basal ganglia was previously developed to investigate

the motor function in the finger tapping task [6, 7]. Each subcortical nuclei of the basal

ganglia is divided in two “neurons” to represent the two binary actions of the task: rising the
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finger and lowering the finger. Firing rate type equations were used to represent the neural

activity in each region. The equations and details of this model are presented in Section A.3

of the Supplementary material. In the neurocomputational model of basal ganglia, Bound

receptorD1 and Bound receptorD2 act on the activity of neurons in the striatum. In particular,

Bound receptorD1 excites activity of the Go pathway and Bound receptorD2 inhibits activity

of the NoGo one. Moreover, Bound receptorD2 acts on the cholinergic system which, in

turn, amplifies the effect of the dopaminergic term. As a consequence, a dopamine increase

activates the Go pathway, favoring action selection, while a decrease in dopamine activates

the NoGo pathway, preventing action selection. The finger tapping task was simulated as a

choice between two actions (finger down, finger up) which are alternatively given as input

to the model. At the end of each action, before starting the new one, a time lag of 115 ms

is inserted [6], to simulate the time necessary to perform the action. Hence, the tapping

frequency depends on the balance between the direct, indirect and hyperdirect pathways,

which, in turn, are a function of bound receptors.

2.4. Connecting the three submodels

The plasma concentration of levodopa is given by the pharmacokinetic model. Once it

crosses the blood brain barrier, levodopa is decarboxylated into dopamine by the neurons of

the substantia nigra. The release of exogenous dopamine will be added to the endogenous one.

Indeed, the release term IDA(t) is the sum of the endogenous and exogenous dopamine, which

is related to the concentration in the third compartment C3(t). Dopamine will then bind to

receptors D1 and D2. Its post-synaptic effect will be given by the concentration of bound

receptors through the variables Bound ReceptorD1 and Bound ReceptorD2, respectively.

These variables will affect the neurotransmission in the basal ganglia nuclei and thus will

modify the final motor response. Dopamine and levodopa concentrations, both in plasma

and brain, are given in µmol/L and µg/mL, respectively. Their equivalent concentrations

in different units could be obtained by considering dopamine’s molar mass of 153,18 g/mol
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and levodopa’s molar mass of 197,1879 g/mol. Figure 11 is a schematic representation of

the whole model with the connections between the three submodels.
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Figure 11. Schematic representation of the three submodels connected

All simulations were performed with Matlab R2018a using standard libraries.

3. Results

The processes involved in the progression of Parkinson’s disease and the effect of levodopa

are not still fully understood. The current model is based on the up-to-date pathophysiolog-

ical and pharmacological knowledge. Several physiological parameters were measured either

in animals or humans. The parameters of the neurocomputational model of basal ganglia

were previously fitted [6] to tapping frequency data recorded 12 times over 200 minutes for

a group of six patients.

3.1. Representation of physiological data

In the following, the output of each submodel was either compared with available physi-

ological data or to well-documented behaviour.

3.1.1. PK model.

Pharmacokinetic parameters previously fitted to data taken from patient 1 in this

study [6] were used here. This patient received 100 mg of levodopa for a 30 minutes

intravenous infusion. The PK parameters were estimated to fit the data of nine samples
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over a 200-minutes period.

Levodopa concentration in the basal ganglia is given by the concentration in the third

compartment of the PK model (C3). This concentration has been measured in humans by

microdialysis [53]. Using our model, the simulated maximal levodopa concentration in the

brain is ∼ 1 µmol/L, which is close to the one measured in humans (∼ 0.8 µmol/L) [53].

3.1.2. Dopamine kinetics model.

Parkinson’s disease symptoms do not appear until only about 10% to 40% of neurons

(represented by the parameter f in the present model) of the substantia nigra remain alive

[2, 80]. Dopamine concentration does not decrease significantly until approximatively 15% of

the neurons are alive [8, 10, 23]. Before reaching this threshold of denervation, adjustment

of the different processes involved in dopamine kinetics allows the dopamine concentration

to remain constant. This compensation phenomenon is represented in the model. Indeed,

while the fraction of neurons alive f decreases, dopamine concentration does not change

until approximatively only 30% subsists. The endogenous concentration of dopamine as a

function of the fraction f of neurons alive is simulated using equation 2.10 and shown in

Figure 12.

Only endogenous dopamine is considered here so the parameter IDAlevodopa(t) of equation

2.8 was set to zero.

The decarboxylation of levodopa in the brain will contribute to the increase in dopamine

release. The resulting dopamine concentration in the synaptic cleft (CDop) is given by the

dopamine kinetics model. It was reported that dopamine concentration increases to 0.17

µmol/L with levodopa medication close to therapeutic dose compared to 0.07 µmol/L with-

out the medication [25]. In [72], dopamine concentrations without medication were on the

order of 0.01−0.03 µmol/L. Similar dopamine concentrations were obtained with the current

model, increasing from ∼ 0.05 µmol/L in the absence of medication to ∼ 0.1 µmol/L with

levodopa, in the case where only a 30% fraction of neurons are still alive.
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Figure 12. Endogenous dopamine concentration in the brain as a function of the fraction
of neurons alive (f)

At an early stage of the disease, the buffering capacity of the neurons allows dopamine

concentration in the brain to be maintained at a constant level even when levodopa plasma

concentration is fluctuating [60]. This buffering capacity of the neurons is progressively lost

with denervation. Fluctuations in dopamine concentration are then appearing and tend to

mimic levodopa plasma concentration. This phenomenon is simulated using the combination

of the PK model with the dopamine kinetics model. Figure 13 depicts the plasma concentra-

tion of levodopa and the related dopamine concentration in the brain for different fractions

of neurons alive. This observed pattern [60] is reproduced here with our model.

As seen in Figure 13, basal dopamine concentration is smaller than ∼ 0.05 µmol/L.

This is due to a feedback that decreases dopamine release when levodopa is taken [25].

Autoreceptors are not explicitly modeled in this work, but their influence on dopamine release

is represented. Details are found in Supplementary material section A.2. Basal dopamine

concentration is also decreased due to denervation, especially in the case of f = 0.1.
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Figure 13. Levodopa plasma concentration and related dopamine brain concentration in
time. Left: Concentrations for early stage of disease with a fraction of neurons alive of 50%;
Right: Concentrations for advanced stage of disease with a fraction of neurons alive of 10%.

3.2. Simulation of a patient

Using the whole model, simulations were performed with the set of parameter values

given above. The effect of dopamine in the basal ganglia, assigned in [6] to fit the finger

tapping data, is simulated here assuming a fraction of neurons alive of 30%, f = 0.3. The

model allows the plasma concentration, the concentration of levodopa in the brain, the

corresponding dopamine concentration in the brain and the fraction of occupied receptors

D1 and D2 to be expressed as a function of time. The fractions of occupied receptors are

calculated as follows: Bound receptori/Bi
max with i ={D1, D2}. The resulting simulations

are shown in Figure 14. The patient was simulated using the whole model with f = 0.3.

With these simulations, the maximal tapping frequency, the levodopa plasma concentration

at 50% of effect (EC50) and the baseline tapping were estimated to 175 taps/min, 0.78
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µg/mL and 118 taps/min, respectively. These values can be visually deduced from Figure

14 (a) and (e) put together.
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Figure 14. (a) Levodopa plasma concentration, (b) levodopa brain concentration, (c)
dopamine concentration, (d) fraction of occupied dopaminergic receptors D1 and D2 and
(e) tapping frequency in time.

3.3. Progression of the disease

At early stages of the disease, levodopa’s effect duration extends beyond the duration

of the drug in the plasma concentration. As the disease progresses, the onset of levodopa’s

effect is quicker and the effect duration is shorter. This phenomenon is well reproduced by
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the model. Simulations were performed for different fractions of neurons alive (f) in order

to represent the progression of the disease. The values of all parameters were kept constant

but the fraction f . The results obtained for the tapping frequency over time with the whole

model (PK model, dopamine kinetics model and neurocomputational model of basal ganglia)

are shown in Figure 15. The fraction of neurons alive was varied between 80% and 5% as

observed in experimental studies on animals [48]. A denervation of 5% would represent a

score of approximately 73 on the UPDRS3 scale [33].
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Figure 15. Tapping frequency in time for different fractions of neurons alive, frequencies
before 10 minutes are the basal frequencies before taking the dose

In Figure 15, baseline frequencies, which are those at 10 minutes before taking the dose,

decrease with denervation. This is in line with what is reported in the literature [43, 58, 73].

Our model does not include long duration response of levodopa which could lead to an

increase in this baseline tapping frequency [16]. Long duration response could be added in

future studies to better capture the effect of levodopa chronic use.

3.4. Receptor’s sensitivity analysis

Dopaminergic receptor’s density has been shown to change with aging [46] and with

nigrostriatal denervation and may be involved in the development of levodopa induced dysk-

inesia [36, 47, 64, 67]. The maximal density of receptors D1 and D2 is represented in the
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current model by the parameter BD1
max and BD2

max respectively. In an attempt to investigate

the impact of a change in each receptor’s density, a variation of more or less 40% was applied

to each of the parameters BD1
max and BD2

max individually. The resulting tapping frequency as

a function of f is given in Figures 16(a) and 17(a). As reported in the literature [32, 64], a

change in receptor D2 density has a bigger impact on the motor action than that of receptor

D1.

Contrary to the maximal receptor density, the affinity of the receptors is not modified

with denervation [64]. However, dopamine agonists and antagonists could [12, 40, 59]

modify the affinity of receptors D1 and D2, represented here by parameters kD1
D and kD2

D ,

respectively. Dopamine receptor agonists are used to delay the starting of levodopa ther-

apy and in advanced stages of Parkinson’s disease, they are also used in combination with

levodopa [32].

In order to study the impact of each receptor, their affinities were changed independently.

A variation of more or less 40% was added to the affinity of receptor D1 and then of D2.

The tapping frequency as a function of the fraction of neurons alive was computed and the

results are shown in Figures 16(b) and 17(b). The tapping frequency is more affected by a

modification in receptor D2 affinity.
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Figure 16. Tapping frequency without levodopa, hence considering only endogenous
dopamine, as a function of the fraction of neurons alive when for receptor D1 (a) BD1

max

±40% and (b) kD1
D ±40%.
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Figure 17. Tapping frequency without levodopa, hence considering only endogenous
dopamine, as a function of the fraction of neurons alive when for receptor D2 (a) BD2

max

±40% and (b) kD2
D ±40%.

The model predicts a better effectiveness of D2 agonists over D1 agonists, which confirms

the current clinical use.

4. Discussion

The main objective of this study was to develop a mechanistic model that integrates neu-

rodynamics of basal ganglia, dopamine kinetics and levodopa kinetics in order to understand

the different mechanisms involved in the modification of levodopa’s effect as Parkinson’s

disease progresses. The relationship between denervation and the more rapid onset and the

shorter effect duration of levodopa was investigated.

Three models were combined to represent the important underlying processes. First, a

two compartment pharmacokinetic model of levodopa, connected to a third compartment

of levodopa’s brain concentration was adapted. Then, dopamine kinetics in the striatum

was modeled by the inclusion of the main components, namely, release, recapture by DATs

and removal. Finally, a neurocomputational model of basal ganglia was used to represent

the three neurotransmission pathways and the impact of dopamine on these pathways and

on cholinergic interneurons. These models were then connected through scaling or units

modification. The involved parameters were derived from animal or human data or fitted
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to data in previously published studies. Validation was performed with the output of each

model to ensure consistency with clinical observations.

We used the full model to produce levodopa’s plasma and brain concentrations, dopamine

concentrations, fraction of bound receptors and motor activity (finger tapping frequency) as

a function of time, Figure 14. Disease progression was also investigated by simulating the

tapping frequency in time for a same dose of levodopa with different fractions of neurons

alive, as shown in Figure 15. We also used the model to illustrate the pulsatile patterns of

dopamine, induced by the therapy throughout the disease progression, Figure 13. Disease

severity is here given by the fraction f of neurons alive in the substantia nigra. It was

shown to be related in a linear way to UPDRS3 score [33]. Few studies analyzed the relation

between Hoehn and Yahr scale (H&Y) in Parkinson’s disease with UPDRS. In a previous

study [70], it was concluded that UPDRS scores for all 4 parts increase significantly with

every H&Y stage and also with 5-years increaments of disease duration in the first 15 years

of the disease. The fraction f is then somehow also related to H&Y scale. Distribution and

elimination from the brain compartment as well as dopamine release, recapture by DATs

and removal are the processes affected by the progression of the disease.

The neurocomputational model used in the current study was previously built to simulate

the finger tapping task with levodopa administration [6]. We here expanded this model

through the addition of dopamine kinetics description. To investigate the impact of the

disease progression, expressed here in terms of neurons loss, on the different mechanisms,

it was important to detail the dopamine kinetics since nonlinear relationships are involved

with denervation.

Additional action channels could be used to represent more complex motor tasks, which

can still be addressed with the modeling structure developed here. The neurocomputational

model of basal ganglia was previously used with four action channels [7]. The present model

can be applied to study bradykinesia using toe tapping or pronation/supination movements

for both hands as a measure of slowness of movements [31]. It could also be used in future
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studies to investigate different action selection patterns representing dyskinesias and motor

fluctuations as in [76].

Previous studies have focused their efforts on understanding Parkinson’s disease by de-

veloping neurocomputational models of basal ganglia [5, 7, 6, 14, 21, 28, 37, 29, 35, 51,

66, 76, 79]. Several neurocomputational models of basal ganglia explicitly include the basal

ganglia subregions where one to three of the neurotransmission pathways are represented

[7, 6, 14, 21, 28, 37, 29, 35, 51, 66, 79]. Additional to finger tapping, bradykinesia was

evaluated through arm movement [21]. Other symptoms such as handwriting [29], tremor

[37] or the impact of learning [5, 7, 28], reward, punishment [35] and synaptic plasticity

[66, 76, 79] were also considered in several neurocomputational models. As opposed to our

model, dopamine kinetics was not explicitly considered in these studies.

The disease progression was also investigated through modeling of dopamine kinetics as

an isolated phenomenon per se with [25, 61, 62] and without [9, 26] considering the impact

of neuronal death and levodopa intake. The importance of the compensation mechanisms

in signaling through dopamine receptors D1 and D2 [26, 25], the release and recapture of

dopamine [9, 61] and the serotoninergic system [62] in dopamine kinetics were previously

highlighted. However, the implication of the different processes of dopamine kinetics in the

basal ganglia intrinsic function was not part of these studies. It is important to investigate

the relation of dopamine and neuronal activity in the basal ganglia for a better understanding

of the disease and its medication.

The model developed here is intended to represent a more holistic approach of Parkin-

son’s disease and its therapy, with an attempt to reach a good balance between simplicity

and accuracy. We were also concerned by the physiological interpretation of the involved

parameters and an appropriate comparison with existing data. The model can be used in the

context of two different time scales, one on a scale of hours in order to monitor the effect of

the drug following its administration; the other is on a much longer scale with the objective

of investigating the progression of the disease. The novelty of this work lies in its mechanistic

approach of the drug to clinical effect during the progression of Parkinson’s disease.
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The model would benefit from the addition of the effect of tonic versus phasic dopamine

[26], as well as dopamine release by serotoninergic neurons [62]. A better estimation of the

individual weights parameters of the neurocomputational model would help individualize

therapeutic predictions by using a customized model to assess the patient’s motor activity.

A limitation of the model is the non-identifiability of parameters Q12 and Q21 in the phar-

macokinetic model. Since we did not have pharmacokinetic data, we used the parameters

values reported in [6]. However, as formulated and with the accessible data, the model of [6]

presents a fundamental issue of identifiability (parameters Q12 and Q21 are not uniquely de-

fined). Scaling was used to connect the dopamine kinetics model to the neurocomputational

model of basal ganglia in order to maintain the value of synaptic weights originally fitted

to patients data. Refitting data with this new model would prevent the need for scaling.

We are confident this scaling does not significantly change the output of the model. The

ultimate purpose of this modeling exercise is to optimize levodopa’s regimen. As dyskinesia

is reported as the main side effect of the chronic use of levodopa [76], extension of our model

to integrate this motor complication would inform on the evolution towards the thin line

that separates levodopa benefits from harm effects throughout the disease.

Indeed, dyskinesias could possibly be delayed by reducing the dose while maintaining

the beneficial effect. Different routes of administration of levodopa are tested due to the

occurrence of side effects and due to the progression of the disease [4]. In future studies,

other pharmacokinetic models (duodenal infusion, oral,..) could be added to the present

model to determine not only optimized regimens but also optimized route of administration

of levodopa for each patient.

The present model assumes a homogeneous death of neurons in the substantia nigra.

However, recent studies [25] showed heterogenous loss of neurons, with the existence of com-

pletely void regions. The link between reduction in dopamine and the lost of spatial coherence

in innervation is however beyond the scope of our present work. In the present study, the con-

ditions for well-mixed levodopa pharmacokinetics and dopamine kinetics models hold, and
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this assumption is commonly used in the literature on levodopa pharmacokinetics. Synaptic

space with tonic firing has also been shown to be well-mixed [78].

Finally, a sensitivity analysis could be carried out for the herein proposed model with

dopamine kinetics in order to determine the most important mechanisms in the onset of

symptoms and loss of effect of levodopa. For this, we can draw on a recent work by Ursino

et al. [76] which performed a sensitivity analysis of the Go/NoGo pathways, the STN and

the cholinergic interneurons.

To conclude, the integrative model developed here was able to reproduce the behaviour of

levodopa’s effect by representing its most important mechanisms, especially the fact that the

therapeutic effect of levodopa start to mimic plasma concentration with the progression of the

disease. This quantitative systems approach is a promising step towards the understanding of

important mechanisms involved in Parkinson’s disease and designing optimal drug regimens.
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Dans ce deuxième chapitre, l’objectif est d’étudier les modifications non-linéaires de la phar-

macodynamique de la lévodopa avec la progression de la maladie de Parkinson puisqu’elles

compliquent l’optimisation des régimes posologiques. À cette fin, le modèle développé au

Chapitre 1, comprenant un modèle de la pharmacocinétique de la lévodopa, de la dynamique

de la dopamine et de la neurotransmission dans les ganglions de la base, est utilisé pour

effectuer différentes simulations. En particulier, les relations, pour différentes doses de

lévodopa, entre la concentration plasmatique, la concentration cérébrale de dopamine et

la réponse à une tâche motrice avec la dénervation sont étudiées et mises en parallèle avec

le rétrécissement de l’index thérapeutique.



Abstract. The effect of levodopa on the alleviation of Parkinson’s disease symptoms is

altered in a highly nonlinear manner as the disease progresses. This can be attributed to dif-

ferent compensation mechanisms taking place in the basal ganglia where the dopaminergic

neurons are progressively lost. This alteration in the effect of levodopa complicates the op-

timization of drug regimen. The present work aims at investigating the nonlinear dynamics

of Parkinson’s disease and its therapy through mechanistic mathematical modeling. Using

a holistic approach, a pharmacokinetic model of levodopa was combined to a dopamine dy-

namics and a neurocomputational model of basal ganglia. The influence of neuronal death

on these different mechanisms was also integrated. Using this model, we were able to inves-

tigate the nonlinear relationships between levodopa plasma concentration, dopamine brain

concentration and response to a motor task. Variations in dopamine concentrations in the

brain for different levodopa doses were also studied. Finally, we investigated the narrowing

of levodopa therapeutic index with the progression of the disease as a result of these nonlin-

earities. In conclusion, various consequences of nonlinear dynamics in Parkinson’s disease

treatment were studied by developing an integrative model. This model paves the way to-

wards individualization of dosing regimen. Using sensor based information, the parameters

of the model could be fitted to individual data to propose optimal individual regimens.

Keywords: Parkinson’s disease, levodopa, pharmacodynamics, denervation, basal ganglia

1. Introduction

Parkinson’s disease is a neurodegenerative disorder associated with the loss of dopamin-

ergic neurons in the basal ganglia. Motor symptoms such as bradykinesia, rigidity, tremor

and postural instability are related to this depletion of dopamine [37]. Bradykinesia, defined

as the slowing of movements, is a disabling symptom on which the current paper focuses.

To alleviate Parkinson disease’s symptoms, levodopa is used as the gold standard drug

treatment. Levodopa is the synthesis precursor of dopamine, it is decarboxylated into

dopamine by dopaminergic neurons. It does not cure the disease but helps in reducing

the symptoms [24]. During the first years of therapy, levodopa effect lasts even when lev-

odopa plasma concentration fades because the central nervous system can store dopamine

into intracellular vesicles due to the activity of various transporters [39]. Indeed, at the

onset of disease, dopamine can be stored and released as needed. With the loss of neurons,
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this buffering capacity is lost and dopamine is rapidly released in the synaptic cleft. At this

stage, levodopa becomes more and more dependent on plasma concentration and available

neurons are not able to buffer the fluctuations in dopamine coming from the treatment (with

each pills) [39]. Levodopa’s effect varies with the level of denervation in a nonlinear manner,

leading to serious challenges for optimization of its regimen. Compensation processes that

occur at the level of brain dopamine also behave in a nonlinear manner. These compensation

processes keep the level of dopamine well balanced until the level of denervation reaches a

critical threshold that results in a drop of dopamine concentration. It accounts for the ap-

pearance of symptoms when 60% to 90% of dopaminergic neurons are already lost [1, 41].

Furthermore, the effect of dopamine on the basal ganglia is regulated by nonlinear dynamics.

The presence of these nonlinearities and the complexity of the disease and its therapy call

for a better understanding of the involved mechanisms, for which in vivo studies cannot al-

ways be easily undertaken. The main objective of the current paper is to study the nonlinear

effect of denervation on levodopa pharmacodynamics. Using a holistic approach, this work

combines basal ganglia structure modeling and dopamine dynamics with a pharmacokinetics

model of levodopa.

Previous studies focused on modeling the dynamics of basal ganglia without levodopa

and dopamine dynamics. These models include one to three neurotransmission pathways and

targeted different symptoms. Tremor was investigated through velocity response modeled

with block diagram of basal ganglia [20]. Velocity in the x and y axis were considered with

a network of oscillators of basal ganglia to investigate micrographia patterns, i.e. reduced

handwriting, in parkinsonian patients [18]. A neural network model of basal ganglia [13] and

a firing rate model [3] were applied to bradykinesia through arm movements and finger tap-

ping respectively. Conductance-based model of basal ganglia [25, 35] and double-oscillator

[26] of basal ganglia model were also used to study the appearance of oscillations in basal

ganglia neural activity.

Parallel studies solely focused on modeling dopamine dynamics. Homeostasis in dopamine

synthesis, release and reuptake were previously modeled [33]. Consequences of levodopa
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therapy on serotoninergic and dopaminergic systems with detailed description of enzymes and

transporters dynamics have also been considered [34], as well as compensation mechanisms

in signaling through dopaminergic receptors [16]. Although more physiologically detailed

than the model presented here, none of the former studies include dopamine dynamics effect

on neurotransmission in the basal ganglia.

With the objective to provide a more thorough appreciation of all the nonlinear dynamics

of dopamine and levodopa effect with disease progression, a complete model is here developed

through a quantitative systems pharmacology approach. The novelty of our model is to

combine both nonlinear dynamics of dopamine and basal ganglia. Up-to-date knowledge of

the pathophysiology and pharmacology was used to build and validate the model with the

additional objective to represent relevant clinical motor task.

The current paper is organized as follows: the details of the three parts constituting the

model are given in section 2. Results of the relation between motor task and dopamine with

levodopa plasma concentration are detailed in section 3.1. Finally, relations of doses and

therapeutic index with denervation levels are given in section 3.2.

2. Methods

Various nonlinear mechanisms modify action selection in Parkinson’s disease, including

dopamine dynamics and neurotransmission in basal ganglia. All these aspects are signifi-

cantly altered by denervation in the substantia nigra, which reflects the disease progression.

To analyze these mechanisms and their nonlinear effects, the present model includes three

parts: levodopa pharmacokinetics, dopamine dynamics, and action selection in the basal

ganglia.

Levodopa pharmacokinetics is expressed by a two-compartment pharmacokinetic model.

Dopamine dynamics account for the changes in dopamine concentration in the brain and its

binding with D1 and D2 dopamine receptors. Finally, a neurocomputational model accounts

for activity in each basal ganglia nucleus, and computes action selection as a function of

concentrations of bound receptors. The overall model is used to simulate finger tapping,
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which is a clinically relevant output to assess bradykinesia. Disease progression is represented

by the degree of nigrostriatal denervation given here by the fraction of neurons alive in the

substantia nigra and noted f . Figure 18 illustrates the three parts of the model and its

output.

Dose
Plasma

concentration

Dopamine 

and bound receptor 

concentrations

Tapping

frequency

Pharmacokinetic

model

Dopamine

dynamics

Neurocomputational

model of basal

ganglia

Figure 18. Representation of the three parts of the model.

2.1. Levodopa Pharmacokinetics

Compartmental models are used in pharmacokinetics to represent the body as a chain of

compartments. Two compartment models have shown to be well suited for fitting levodopa

plasma concentrations [3, 8, 36]. In the present work, a third compartment is added for brain

concentrations. The present pharmacokinetic model was adapted from [3] and is illustrated

in Figure 19.

C2
Q12

Q21

CLe1

Q13

k0(t)

C1 C3

Dose

CLe3

Figure 19. Representation of the two compartment pharmacokinetic model with a third
compartment for brain concentration.
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Concentrations in the central (C1) and peripheral (C2) compartment with an intravenous

infusion of levodopa are respectively given by the following equations:

V1
dC1

dt
= k0(t) +Q21C2 − (Q12 + CLetot)C1, (2.1)

V2
dC2

dt
= Q12C1 −Q21C2, (2.2)

where Qij are inter-compartment clearance from the ith to the jth compartment and Vi the

volume of compartment i. The total elimination is given by CLetot = CLe1 +Q13. The rate

k0(t) is the infusion rate, estimated to 3.33 mg/min for 30 min and 0 the rest of the time

for a total dose of 100 mg [3]. These equations are independant of the fraction f of neurons

alive since it is reported that denervation does not affect the pharmacokinetic of levodopa

[10].

Levodopa is able to cross the blood brain barrier to reach the brain. Nonlinear dynamics

with disease progression appear at the level of levodopa brain concentration, which is given

here by the concentration C3 in the third compartment. Dopaminergic neurons have the

ability to transform levodopa into dopamine, store dopamine and release it when needed. As

disease progresses, this buffering capacity is lost due to neuronal degeneration. Concentration

in the brain is therefore dependent in a nonlinear manner to the fraction f of neurons alive

and can be expressed by the following equation:

V3
dC3

dt
= 1
f
·Q13C1 −

1
f
· CLe3C3. (2.3)

Previous studies have shown that parameter CLe3 is correlated with denervation [12, 15].

CLe3 is here inversely proportional to the fraction f . The parameter Q13 is also inversely

proportional to f since levodopa storage is decreased with denervation [39]. Parameters Q13

and CLe3, previously represented with one parameter ke, were shown to increase with disease

progression [5, 10, 21]. It is as if levodopa fills a leaky reservoir that becomes leakier with

denervation. It is called the buffering capacity. In order to represent the buffering capacity

in detail, disruptions to the L-Tyrosine → L-DOPA → Dopamine pathway with vesicular
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dopamine should be modeled [4, 34]. For simplicity purposes, these mechanisms were repre-

sented here by this increase in parameter Q13 and CLe3 with denervation. The dependence

of CLetot on f in equation 2.1 was neglected since parameter Q13 is small compared with

CLe1.

The value of the parameters are taken from [3] and are given in the Supplementary

material B.

2.2. Dopamine dynamics

Once in the brain, levodopa is decarboxylated into dopamine by the aromatic amino

acid decarboxylase enzyme. It results in an increased capacity of dopamine release in the

synaptic cleft. Dopamine terminals are in the striatum. After dopamine is released in the

synaptic space, it can be recaptured into presynaptic terminals by the dopamine transporter

(DAT) or removed from the synaptic cleft (by enzymes, glial cells, diffusion, etc). With

denervation, these processes are modified in a nonlinear manner. Figure 20 gives a schematic

representation of these processes.

Cdop

Iend
DA

Recapture 

by DATs
Removal

ILD
DA

Figure 20. Representation of dopamine release, recapture by transporters DATs and re-
moval. The triple-headed arrows represent dopamine release, the arrow with empty head
represents recapture by DATs (saturable) and the arrow with solid head represent the linear
removal. IendDA , ILDDA and Cdop are explained below.

For the sake of simplicity, only relevant and measurable mechanisms are incorporated in

the model, namely, release, recapture and removal of dopamine in the synaptic cleft. The

equation for dopamine concentrations Cdop in µmol/L in the synaptic cleft, adapted from

[4, 33], is :
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dCdop(t)
dt︸ ︷︷ ︸

Dopamine concentration

= f · (IendDA + ILDDA(t))︸ ︷︷ ︸
Dopamine Release

− f · VmaxCdop(t)(km + Cdop(t))︸ ︷︷ ︸
Recapture by DATs

− 1
f
· kremCdop(t)︸ ︷︷ ︸

Removal

, (2.4)

where IendDA is the endogenous dopamine release term, ILDDA(t) is the levodopa related release

term, Vmax is the maximum binding rate to the transporters DATs, km is the Michaelis-

Menten constant and krem is the removal constant. It is assumed that dopamine release and

reuptake by DATs decrease linearly with f since dopaminergic neurons are dying. Removal of

dopamine is assumed to be inversely proportionnal to f [33] since it is easier for dopamine to

be removed when terminals become more sparse. Dopamine release uniquely due to levodopa

is related to levodopa brain concentrations through the following equation:

ILDDA(t) = k3dopC3(t). (2.5)

Finally, the postsynaptic effect of dopamine on the neurons of the striatum are considered

here to be equal to the concentrations of bound receptors [22]. Dopamine D1 and D2

receptor subtypes are included in the model and their respective concentrations are given by

the following function:

Bound receptori = Bi
maxCdop

kiD + Cdop
, (2.6)

where i ∈ {D1,D2}, kiD and Bi
max are respectively the dissociation constant and the recep-

tor’s maximal concentration, which have a different value for each type of receptor.

In dopamine dynamics, there are two main nonlinearities, both related to Michaelis-

Menten relationship. The first holds in the recapture by DATs in equation 2.4, the second is

represented by the equation 2.6 of the bound receptors. Both involve an upper saturation,

which will saturate motor response at high levels of dopamine concentration.
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2.3. Neurocomputational model of basal ganglia

The basal ganglia are the center for movement selection and initiation [27]. They are

composed of subcortical nuclei such as the striatum, the globus pallidus, the substantia nigra

and the subthalamic nucleus, connected through three main neurotransmission pathways.

The direct pathway (Go) promotes the movement, the indirect pathway (NoGo) inhibits

it and the hyperdirect pathway suppresses erroneous movement. Cholinergic interneurons

represent another important component that integrate direct and indirect striatal output

pathways activities [7]. Figure 21 depicts the different nuclei and their connections.

Dopamine, both endogenous and exogenous, has an excitatory effect on the Go part of

the striatum (D1 receptors), an inhibitory effect on the NoGo part of the striatum (D2

receptors) and an inhibitory effect on the cholinergic interneurons as seen in Figure 21.

The current neurocomputational model was adapted from [3]. It details the neural ac-

tivity for neurons in each nucleus of the basal ganglia. In order to model the finger tapping

task, each nucleus is composed of two neurons: one for the raising of the finger and the other

for its lowering. The general equation of the neuronal activity of a neuron located in the

nuclei k receiving current from nuclei m is:

τ
duki
dt

= −uki +
2∑
j=1

wkmij y
m
j . (2.7)

where i is the number of the neuron, either 1 or 2 for each action. wkm is the weight

of the connection between nuclei k and m. The nature of the connections, inhibitory or

excitatory, stems from the knowledge of the three neurotransmission pathways. The post-

synaptic variable uki is then scaled between zero and one to provide the neuron’s activity by

the following sigmoidal function:

yki = ζ(uki )

= 1
1 + e−a(uk

i −u0) ,
(2.8)

where a is affecting the central slope and u0 the central position. More details about this

model can be found in [3]. Parameters values are given in the Supplementary material B. The
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Figure 21. Schematic representation of the basal ganglia neurocomputational model with
the three neurotransmission pathways adapted from[3]. The boxes represent different brain
regions, the circles represent neurons, the numbers in the circle represent the number of the
action channel, the yellow arrows represent lateral inhibition in the cortex, the blue arrows
represent excitatory connections and the red arrows represent inhibitory connections.

model developed in [3] was extended to include dopamine dynamics and receptor binding.

Dopamine dynamics model was added to represent modification in these dynamics through

disease progression and their impact on levodopa’s effect. Bound receptors (D1 and D2)

concentrations were added because they can be modified by dopamine agonists sometimes

used in Parkinson’s disease [23]. Hypersensitivity can also be induced in D2 receptors by

denervation [31].
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3. Results

The outputs of the model and its qualitative behavior were compared to available data.

Parameters of the pharmacokinetic model were fit to patients data. Maximal levodopa con-

centration in the brain obtained with our model (∼ 0.8µmol/L for f = 0.3) was close to the

one measured in humans [28]. The values of dopamine concentration without medication

are typically around 0.01 − 0.03µmol/L [38], in agreement with those obtained with our

model. Qualitative behavior such as the loss of neurons capacity to buffer dopamine fluc-

tuations with denervation [32] and the loss in levodopa duration’s effect with denervation

[17, 30, 32] were reproduced with the model.

Using the three parts of the model presented above, several simulations can be performed

to highlight the nonlinear dynamics underlying Parkinson’s disease and its treatment. In the

following sections, some exemplary results are illustrated to uncover the different relations

between levodopa dose, levodopa plasma concentrations, dopamine concentrations and motor

response.

3.1. Nonlinear dynamics of plasma concentrations, dopamine con-

centrations and motor task

For a given dose, levodopa response exhibits nonlinear dynamics with the progression

of neuronal loss. To elucidate these dynamics, brain dopamine concentrations and finger

tapping frequencies are investigated as a function of levodopa plasma concentrations. Since,

after dose administration, levodopa plasma concentration changes in time, the curves in

Figures 22 and 23 are dynamical, they represent temporal trajectories, the direction of which

is given by the colored arrows.

For the sake of clarity, dopamine dynamics with levodopa intake was divided into two

different conditions, reflecting different Parkinson’s disease severity. The mild condition

(early stage) is represented in Figure 22 (b) and the severe condition (late stage) in Figure

22 (c). In pharmacokinetics and pharmacodynamics studies the loop curve like the ones

in Figure 22 are called hysteresis. These hysteresis curves, which reflect all the processes
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Figure 22. (a) Levodopa plasma concentration in time and its related dopamine concen-
tration in the brain for f = 0.5. Dopamine concentrations in the brain as a function of
levodopa plasma concentrations for different degrees of denervation in early (b) and late (c)
stages of the disease for a single levodopa dose of 100 mg. The values of the parameters used
can be found in the Appendix, except for the value of the fraction f , indicated directly in
the figure.

associated with dopamine storage and on demand release by dopamine neurons, suggest the

presence of a delay between plasma and brain concentrations. Indeed, peak plasma and

brain concentration do not coincide. An example of this delay is shown in Figure 22(a)

for a fraction f = 0.5. With denervation, this delay shortens due to the loss of buffering

capacity of the dopaminergic neurons. This is shown by the rightward shift of dopamine peak

concentration in Figure 22(b)(c). The peak of brain dopamine concentration is observed

for higher concentration of plasma levodopa, the peaks are getting closer so the delay is

decreasing. Also, in a healthy (normal) situation, brain dopamine levels continue to increase

even during the decline of levodopa plasma concentration. This will be lost with denervation.
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The hysteresis loops appearing in Figure 22 (b) and (c) are a consequence of the dynamics

in equations 2.1 to 2.6. As the disease progresses, this dynamics change in a complex way

due to the change in f . In the mild condition (f = 1 −→ 0.1), maximal dopamine brain

concentrations increases with denervation. This is due to compensation mechanisms, such

as a reduction in recapture by DATs and a quicker release from levodopa. The dopamine

concentration rises more rapidly as seen by the increase in the steepness of the curve with

the progression of the disease, Figure 22(b).

In the severe phase (f = 0.1 −→ 0), Figure 22 (c), the loss of neurons is too significant for

compensation mechanisms to be effective. This results in a reduction of the delay and in the

variation between maximal and minimal dopamine concentrations. The value of dopamine

brain concentration when plasma levodopa concentration is zero (that is the basal brain

dopamine level) also decreases with denervation.

From a clinical point of view, it is interesting to study the effect of these nonlinear

dynamics on the response to a motor task. The model was used here to simulate finger

tapping frequency during a few hours after levodopa administration, in order to inform

the effect of levodopa in alleviating bradykinesia. As shown in Figure 23(b) and (c), a

pharmacokinetic-pharmacodynamic hysteresis is observed at the beginning of the disease

with values of f close to 1. The black arrows represent the trend direction of the change of

curves as the disease progresses. The curves are again dynamical and their direction is given

by the colored arrows. For values of f close to one, the tappping frequency remains high even

with variation in levodopa plasmatic concentration. For low values of f , the peak level of

levodopa does not produce enough brain dopamine and the tapping frequency drops. For a

tapping frequency below approximately 55 taps/min the model stops to reach the threshold

to activate the action, and there is almost no movement. Examples of temporal profiles of

tapping frequency are shown in Figure 23(a). In early state of disease (f = 1 −→ 0.1), finger

tapping remains high for a long period, even when levodopa plasma concentration is returning

close to zero as seen in Figure 23(b). Conversely, in late state of disease (f = 0.1 −→ 0),
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finger tapping first increases, then exhibits a dramatic fall, meaning that the efficacy of

levodopa is rapidly wearing off as seen in Figure 23(c).
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Figure 23. (a) Example of temporal pattern of finger tapping in time for f = 0.10 and
f = 0.6 (b) Tapping frequency as a function of levodopa plasma concentration for different
degrees of denervation in early (b) and late (c) stages of the disease for a single levodopa
dose of 100 mg. The values of the parameters used can be found in the Appendix, except
for the value of the fraction f , indicated directly in the figure.

This pharmacokinetic-pharmacodynamic hysteresis underlies the presence of a delay in

the effect. It indicates the persistance of the effect once the systemic concentration of lev-

odopa is waned. The presence of such an hysteresis was previously reported in humans

[2, 11, 14]. The upward shift shows that the peak tapping frequency is observed for higher

concentration of plasma levodopa with disease progression. For mild cases, an increase in

levodopa effect is observed, which is in line with the literature [9, 21, 29]. For the most

severe cases, the curve collapses and a subsequent motor impairment occurs. As disease

progresses and f decreases, the curve flattens out. This suggests that the delay is reduced.
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This shortening of delay with disease progression is a well documented effect of levodopa

[17, 30, 32]. It is thought to be caused by the loss of buffering effect of dopaminergic

neurons. When f ≈ 0.02, the tapping frequency is drastically reduced. The quantity of

remaining neurons is too small for compensation mechanisms to be possible.

3.2. Nonlinear relations in doses and therapeutic index

Levodopa is very effective in the early stages of the disease. However, as the disease

progresses, shortening of its effect duration and wearing off periods make dosing difficult. A

standard approach is to increase the dose of levodopa and its frequency [6]. Unfortunately,

these adjustments can lead to motor complications attributed to the nonlinear dynamics

governing denervation.

Using the model with different levels of denervation, the maximal dopamine concen-

trations in the brain as a function of levodopa dose are shown in Figure 24. Again, the

black arrows represent the direction of the curves as the disease progresses. The maximal

dopamine concentrations shown in Figure 24 occur at different moments for the different

doses and fraction f .

In the healthy brain (f = 1), a slight increase in maximal concentration is seen with

increasing dose. The increase is almost linear. As the disease progresses (f = 1 −→ 0.2),

the maximal concentration increases significantly as the dose is escalated. The increase

becomes almost exponential, Figure 24 (a). Indeed, dopamine release is decreased with

denervation but so its recapture by DATs. This compensatory mechanisms leads to higher

maximal dopamine concentrations until denervation is too high (late stages of disease). At

this stage (f < 0.2), as shown in Figure 24 (b), compensation is no longer possible and the

maximal concentration drops. The increase in maximum concentration with dose goes back

to being linear. This suggest the impossibility to restore dopamine concentrations even with

increasing doses when denervation is too advanced.
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Figure 24. Maximal dopamine concentration in the brain as a function of levodopa dose
for different fraction of neurons alive. The values of the parameters used can be found in
the Appendix, except for the value of the fraction f , indicated directly in the figure.

At advanced stages of denervation, high doses of levodopa are required to restore

dopamine concentrations, creating high dopamine peak which may lead to involuntary move-

ments called dyskinesias. As a result, it becomes difficult to treat the patient by properly

preventing bradykinesia and avoiding dyskinesias. This difficulty in treating patients is

reflected in the narrowing of levodopa therapeutic index. We studied the narrowing of ther-

apeutic index through the maximal dopamine concentration in the brain, and the mean

dopamine concentration computed during ten hours after dose administration. High max-

imal concentrations can be associated with dyskinesias and motor fluctuations. Low mean

levels signify insufficient capacity to prevent bradykinesia for a long period. Accordingly,

in Figure 25, a therapeutic index was fixed in terms of dopamine concentration. The exact

index is not known but is illustrated through an example. As disease progresses, we can see

that high doses (> 200 mg) give rise to concentrations that are no longer in the therapeu-

tic window, causing excessive peaks which could induce dyskinesias. At high denervation

(f < 0.1) however, a lower dose (100 mg or even 200 mg) produces a low mean dopamine

112



level and could be insufficient to prevent bradykinesia. Information in Figure 25 and Figure

26 are complementary.
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Figure 25. Maximal (solid line) and mean for 10 hours (dashed line) concentrations as a
function of fraction f for 3 different doses, 100m mg, 200 mg and 300 mg (shades of pink).

Figure 26 illustrates the percentage of time spent in the therapeutic window for a single

100 mg dose of levodopa for different f values. Concentrations leading to a tapping frequency

of over 122 taps/min were defined to be in the therapeutic window. Many scales are used

to assess the degree of severity of Parkinson’s disease. The most common is the the Unified

Parkinson’s Disease Rating Scale (UPDRS), which is divided into different parts that are

individually scored (symptom scale system). Its different parts are evaluated by interviews

and clinical observations. The third part (UPDRS3) is used to assess motor function, with

the score 0 being attributed to a healthy patient. In order to present the results in a clinically

relevant way and to highlight its relation with the therapeutic window, UPDRS3 score is

113



represented in Figure 26 by different shades of blue. We used a previously published linear

regression of UPDRS3 score with denervation [19] to estimate the scores.
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Figure 26. Percentage of time spent in the therapeutic window as a function of the fraction
of neurons alive and its relation to UPDRS3 score for a levodopa dose of 100 mg. The values
of the parameters used can be found in the Appendix.

Parkinson’s symptoms do not appear until 60% to 90% of dopaminergic neurons are lost

[1, 41] (f = 0.4 − 0.1). This explains the sudden fall in the time spent in the therapeutic

window when f = 0.2 −→ 0. For values of f lower than 0.2, the percentage decreases in a

nonlinear manner.

4. Discussion

Understanding the nonlinear dynamics that underly Parkinson’s disease therapy is critical

to optimize the current treatment, to fit individualized needs and to find information about

alternative therapies. To this aim, we developed a mechanistic model integrating altogether

levodopa pharmacokinetics, dopamine dynamics and basal ganglia neurotransmission. The

impact of neuronal degeneration was included throughout the model in order to mimic the

progression of Parkinson’s disease. The response to the finger tapping task was included for

different levels of denervation in relation to bradykinesia. The link between dopamine brain

114



concentration and tapping frequency with levodopa plasma concentrations was investigated.

We were able to highlight the influence of the compensation mechanisms on levodopa’s

duration and delay in effect as denervation progresses. In particular, we were able to show two

important phenomena, both of clinical relevance. At high levels of denervation, therapeutic

doses of levodopa may have no-effect, or their effect may vanish quite rapidly within a few

hours, leading to the well-known wear off phenomena often observed in severe parkinsonian

patients. Conversely, larger doses of levodopa may produce high transient peaks in brain

dopamine concentration, which may be associated with dyskinesias. These two aspects

explain the nonlinear decrease in therapeutic index, highlighting how the therapeutic effect

may be proximal to side effects as the disease progresses.

This work combines in a mechanistic way three dynamical models. It provides a broader

description of Parkinson’s disease and its therapy, while keeping a good balance between

simplicity and accuracy. The model can be useful to monitor levodopa treatment on a scale

of hours or to look at the impact of denervation on a yearly level.

In addition, this model has the advantage of reproducing the response to a motor task,

making it clinically meaningful.

However, accurately monitoring symptoms in Parkinson’s patients remains a challenge

on a day-to-day basis. In the recent years, mobile Health services based on continuous

monitoring sensors of patients movements were developed. Our model could be fitted to

data collected with these devices, to estimate individual paramaters and health conditions

that can inform the dosing adaptation. Indeed, with the progression of the disease and

the apperance of side effects, individualization of the therapy is recommended. A proof of

concept has just been released in the work of Thomas and al. [40], where a dosing adjustment

algorithm has been proposed to tailor levodopa therapy to individual needs using sensor based

information. For the present model to be used in tailoring dosing schedules, individual

rating measured by wearable sensors would be required to estimate the physiological and

pharmacokinetic parameters of the model. These parameter values can then serve in the
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process of individualized drug regimen optimization. Moreover, a sensitivity analysis can

help identify the mechanisms that primarly drive the sudden waning in levodopa’s effect.

In conclusion, important nonlinearities were highlighted with the integrative model of

levodopa, dopamine and basal ganglia dynamics developed here, which additionally accounts

for Parkinson’s disease progression. This system pharmacology approach is a promising step

towards optimization of levodopa therapy, clinical trial designs and translation of the finding

into a mobile health decision tool.

Availability of data

The data that supports the findings of this study are available within the article.

Acknowledgements

F.V.-V. received a scholarship from the Natural Sciences and Engineering Research Coun-

cil (NSERC), Canada through the PGS-D program. Support was also provided by NSERC

-Industrial Chair in Pharmacometrics funded by Novartis, Pfizer and Syneos, as well as

FRQNT Projet d’équipe (F.N.).

Author Contributions

This work makes up a portion of the doctoral thesis of FVV. Construction of the model:

FVV MU PR DL FN. Numerical simulations: FVV. Writing of the paper: FVV MU PR DL

FN.

References
[1] Y Agid : Parkinson’s disease: pathophysiology. Lancet (London, England), 337:1321–1324, juin 1991.

[2] Horst Baas, Frank Zehrden, Roland Selzer, Ralf Kohnen, Joern Loetsch et Sebastian Harder

: Pharmacokinetic-pharmacodynamic relationship of levodopa with and without tolcapone in patients

with parkinson’s disease. Clinical Pharmacokinetics, 40(5):383–393, May 2001.

116



[3] Chiara Baston, Manuela Contin, Giovanna Calandra Buonaura, Pietro Cortelli et Mauro Ursino

: A mathematical model of levodopa medication effect on basal ganglia in parkinson’s disease: An

application to the alternate finger tapping task. Frontiers in Human Neuroscience, 10, jun 2016.

[4] Janet A Best, H Frederik Nijhout et Michael C Reed : Homeostatic mechanisms in dopamine syn-

thesis and release: a mathematical model. Theoretical Biology and Medical Modelling, 6(1), sep 2009.

[5] Kevin J Black, Haley K Acevedo et Jonathan M Koller : Dopamine buffering capacity imaging:

A pharmacodynamic fmri method for staging parkinson disease. Frontiers in neurology, 11:370, 2020.

[6] David JBrooks : Optimizing levodopa therapy for parkinson’s disease with levodopa/carbidopa/entacapone:

implications from a clinical and patient perspective. Neuropsychiatric disease and treatment, 4:39–47,

février 2008.

[7] Roger Cachope et Joseph F Cheer : Local control of striatal dopamine release. Frontiers in behavioral

neuroscience, 8:188, 2014.

[8] Phylinda L S Chan, John G Nutt et Nicholas H G Holford : Modeling the short- and long-duration

responses to exogenous levodopa and to endogenous levodopa production in parkinson’s disease. Journal

of pharmacokinetics and pharmacodynamics, 31:243–268, juin 2004.

[9] Phylinda L S Chan, John G Nutt et Nicholas H G Holford : Pharmacokinetic and pharmaco-

dynamic changes during the first four years of levodopa treatment in parkinson’s disease. Journal of

pharmacokinetics and pharmacodynamics, 32:459–484, août 2005.

[10] M Contin, R Riva, P Martinelli, F Albani, P Avoni et A Baruzzi : Levodopa therapy monitoring

in patients with parkinson disease: a kinetic-dynamic approach. Therapeutic drug monitoring, 23:621–

629, décembre 2001.

[11] M. Contin, R. Riva, P. Martinelli, P. Cortelli, F. Albani et A. Baruzzi : A levodopa kinetic-

dynamic study of the rate of progression in parkinson’s disease. Neurology, 51(4):1075–1080, 1998.

[12] Manuela Contin, Paolo Martinelli, Roberto Riva, Maurizio Dondi, Stefano Fanti, Cinzia Petti-

nato, Cesa Scaglione, Fiorenzo Albani et Agostino Baruzzi : Assessing dopaminergic function in

parkinson’s disease: levodopa kinetic-dynamic modeling and spect. Journal of neurology, 250:1475–1481,

décembre 2003.

[13] Vassilis Cutsuridis et Stavros Perantonis : A neural network model of parkinson’s disease bradyki-

nesia. Neural networks : the official journal of the International Neural Network Society, 19:354–374,

mai 2006.

117



[14] Dirk Deleu, Margaret G. Northway et Yolande Hanssens : Clinical pharmacokinetic and pharma-

codynamic properties of drugs used in the treatment of parkinson’s disease. Clinical Pharmacokinetics,

41(4):261–309, Apr 2002.

[15] M Dietz, S Harder, J Graff, G Künig, P Vontobel, K L Leenders et H Baas : Levodopa

pharmacokinetic-pharmacodynamic modeling and 6-[18f]levodopa positron emission tomography in pa-

tients with parkinson’s disease. Clinical pharmacology and therapeutics, 70:33–41, juillet 2001.

[16] J. K. Dreyer : Three mechanisms by which striatal denervation causes breakdown of dopamine sig-

naling. Journal of Neuroscience, 34(37):12444–12456, sep 2014.

[17] G Fabbrini, J Juncos, M M Mouradian, C Serrati et T N Chase : Levodopa pharmacokinetic

mechanisms and motor fluctuations in parkinson’s disease. Annals of neurology, 21:370–376, avril 1987.

[18] G Gangadhar, D Joseph, A V Srinivasan, D Subramanian, R G Shivakeshavan, N Shobana et

V S Chakravarthy : A computational model of parkinsonian handwriting that highlights the role of

the indirect pathway in the basal ganglia. Human movement science, 28:602–618, octobre 2009.

[19] SandrineGreffard, Marc Verny, Anne-Marie Bonnet, Jean-Yves Beinis, ClaudeGallinari, Sylvie

Meaume, François Piette, Jean-Jacques Hauw et Charles Duyckaerts : Motor score of the unified

parkinson disease rating scale as a good predictor of lewy body associated neuronal loss in the substantia

nigra. Archives of Neurology, 63(4):584, apr 2006.

[20] Mohammad Haeri, Yashar Sarbaz et Shahriar Gharibzadeh : Modeling the parkinson’s tremor and

its treatments. Journal of Theoretical Biology, 236(3):311–322, oct 2005.

[21] S Harder et H Baas : Concentration-response relationship of levodopa in patients at different stages

of parkinson’s disease. Clinical pharmacology and therapeutics, 64:183–191, août 1998.

[22] Bertil Hille : G protein-coupled mechanisms and nervous signaling. Neuron, 9(2):187–195, aug 1992.

[23] Shin Hisahara et Shun Shimohama : Dopamine receptors and parkinson’s disease. International

Journal of Medicinal Chemistry, 2011:1–16, 2011.

[24] Nick Holford et John G Nutt : Disease progression, drug action and parkinson’s disease: why time

cannot be ignored. European journal of clinical pharmacology, 64:207–216, février 2008.

[25] Lucas A Koelman et Madeleine M Lowery : Beta-band resonance and intrinsic oscillations in a bio-

physically detailed model of the subthalamic nucleus-globus pallidus network. Frontiers in computational

neuroscience, 13:77, 2019.

[26] Chen Liu, Changsong Zhou, Jiang Wang, Chris Fietkiewicz et Kenneth A Loparo : The role

of coupling connections in a model of the cortico-basal ganglia-thalamocortical neural loop for the

118



generation of beta oscillations. Neural networks : the official journal of the International Neural Network

Society, 123:381–392, décembre 2019.

[27] Jonathan W Mink : The basal ganglia: Focused selection and inhibition of competing motor programs.

Progress in Neurobiology, 50(4):381 – 425, 1996.

[28] Maria Nord, Peter Zsigmond, Anita Kullman et Nil Dizdar : Levodopa pharmacokinetics in brain

after both oral and intravenous levodopa in one patient with advanced parkinson’s disease. Advances in

Parkinson’s Disease, 06(02):52–66, 2017.

[29] J G Nutt, W R Woodward, J H Carter et S T Gancher : Effect of long-term therapy on the

pharmacodynamics of levodopa. relation to on-off phenomenon. Archives of neurology, 49:1123–1130,

novembre 1992.

[30] W Olanow, A H Schapira et O Rascol : Continuous dopamine-receptor stimulation in early parkin-

son’s disease. Trends in neurosciences, 23:S117–S126, octobre 2000.

[31] B. Picconi, D. Centonze, S. Rossi, G. Bernardi et P. Calabresi : Therapeutic doses of l-dopa

reverse hypersensitivity of corticostriatal d2-dopamine receptors and glutamatergic overactivity in ex-

perimental parkinsonism. Brain, 127(7):1661–1669, may 2004.

[32] Werner Poewe, Angelo Antonini, Jan Cm Zijlmans, Pierre R Burkhard et François Vingerhoets

: Levodopa in the treatment of parkinson’s disease: an old drug still going strong. Clinical interventions

in aging, 5:229–238, septembre 2010.

[33] Michael C. Reed, Janet Best et H. Frederik Nijhout : Passive and active stabilization of dopamine

in the striatum. Bioscience Hypotheses, 2(4):240 – 244, 2009.

[34] Michael C Reed, H Frederik Nijhout et Janet A Best : Mathematical insights into the effects of

levodopa. Frontiers in integrative neuroscience, 6:21, 2012.

[35] Jonathan E. Rubin et David Terman : High frequency stimulation of the subthalamic nucleus elim-

inates pathological thalamic rhythmicity in a computational model. Journal of Computational Neuro-

science, 16(3):211–235, may 2004.

[36] Marina Senek, Dag Nyholm et Elisabet I Nielsen : Population pharmacokinetics of lev-

odopa/carbidopa microtablets in healthy subjects and parkinson’s disease patients. European journal

of clinical pharmacology, 74:1299–1307, octobre 2018.

[37] Sushil Sharma, Carolyn Seungyoun Moon, Azza Khogali, Ali Haidous, Anthony Chabenne, Com-

fort Ojo, Miriana Jelebinkov, Yousef Kurdi et Manuchair Ebadi : Biomarkers in parkinson’s disease

(recent update). Neurochemistry international, 63:201–229, septembre 2013.

119



[38] David Sulzer, Stephanie J. Cragg et Margaret E. Rice : Striatal dopamine neurotransmission:

Regulation of release and uptake. Basal Ganglia, 6(3):123–148, aug 2016.

[39] B R Thanvi et T C N Lo : Long term motor complications of levodopa: clinical features, mechanisms,

and management strategies. Postgraduate Medical Journal, 80(946):452–458, 2004.

[40] Ilias Thomas, Moudud Alam, Filip Bergquist, Dongni Johansson, Mevludin Memedi, Dag Ny-

holm et Jerker Westin : Sensor-based algorithmic dosing suggestions for oral administration of lev-

odopa/carbidopa microtablets for parkinson’s disease: a first experience. Journal of neurology, 266:651–

658, mars 2019.

[41] M J Zigmond, E DAbercrombie, T W Berger, A AGrace et E M Stricker : Compensations after

lesions of central dopaminergic neurons: some clinical and basic implications. Trends in neurosciences,

13:290–296, juillet 1990.

120



Troisième chapitre.

A web application for individualized optimization
of levodopa dosing regimens in Parkinson’s disease

par

Florence Véronneau-Veilleux1 et Fahima Nekka2

(1) Faculté de Pharmacie, Université de Montréal, Montréal, Québec, Canada
(2) Faculté de Pharmacie, Université de Montréal

Centre de recherches mathématiques, Université de Montréal,
Centre for Applied Mathematics in Bioscience and Medicine (CAMBAM), McGill
University, Montréal, Québec, Canada

Cet article est en préparation.

Avec la progression de la maladie de Parkinson, l’index thérapeutique de la lévodopa se

réduit, complexifiant ainsi la recherche de régimes posologiques adéquats pour chaque pa-

tient. Ainsi, au premier et deuxième chapitre de la présente thèse, un modèle intégratif de

l’effet de la lévodopa sur le système dopaminergique des ganglions de la base a été développé

et analysé dans la perspective d’être utilisé pour optimiser les régimes posologiques. L’ob-

jectif de ce troisième chapitre est donc de développer, en tant que preuve de concept, une

application Web pour aider les cliniciens à identifier les régimes posologiques individualisés

optimaux de la lévodopa. Dans cette application, les données de fréquence de tapotement

des doigts du patient sont utilisées pour estimer la valeur de certains paramètres du modèle

précédemment développé. Le modèle ainsi personnalisé peut ensuite être utilisé pour déter-

miner le régime optimal en minimisant trois critères : le temps pendant lequel la fréquence

de tape du patient est inférieure à un seuil, la dose totale et la fréquence de dosage.



Abstract.

As Parkinson’s disease progresses, the optimisation of its therapy, where levodopa is

the most potent and prescribed drug, becomes increasingly difficult. The important loss of

dopaminergic neurons that becomes prominent at advanced stages of the disease, gives rise

to more rapid onset and shorter effect duration of levodopa. This challenge is amplified by

the fact that almost the same dose that produces effect is also responsible for side effects.

To address this challenging dosing regimen issue, we developed a Web-based application to

assist clinicians in the determination of patient-specific optimal dosing regimen of levodopa.

The use of such applications in clinical settings has been popularized over the last few years,

largely driven by the development of sensors that can closely monitor Parkinson’s disease

symptoms. The data collected with these sensors can be used as input to the application

to individualize patients’ parameters. This is accomplished through a fitting procedure of a

mechanistic mathematical model of Parkinson Disease that we previously developed. This

model simulates the finger tapping frequency, as a measure of bradykinesia, in time for a

specific dose of levodopa. Some parameters of the model are individualized by fitting finger

tapping frequencies data. Then, the model is used to determine the optimal regimen by

minimising three criteria: the time during which the patient’s tapping frequency is below a

desired minimum tapping frequency, the total dose, and the dosing frequency. A tab in the

application is specifically dedicated to the simulations of different regimens by the clinician.

Keywords: Parkinson’s disease, levodopa, optimization of regimens, mHealth, Web appli-

cation

1. Introduction

Parkinson’s disease is the second most common neurodegenerative disease after

Alzheimer’s [7, 16]. It is characterized by the degeneration of dopaminergic neurons in

the basal ganglia, leading to various symptoms such as tremor at rest, postural disabilities,

rigidity, and bradykinesia, the latter referring to the slowing of movements. At the moment,

there is no available cure. However, alleviation of symptoms is possible by using levodopa,

considered the gold standard treatment. Levodopa is in fact very effective at the beginning

of the disease, a period referred to as the honeymoon, where a generic dosing schedule can

be used. With the worsening of the disease, the duration of effect is reduced, necessitating
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either increased doses or more frequent administrations. Side effects such as dyskinesias

(involuntary movements), judged by some patients as more distressing than the disease

symptoms themselves, can then appear when larger and more frequent doses become

routine. Indeed, it was estimated that 45-50% [1, 10] of patients experience dyskinesias

after five years of levodopa use. As disease progresses, the therapeutic index is reduced [9],

which complicates further the determination of appropriate dosing regimen for clinicians

[12]. These complications call for more informed individualization of dosing regimen along

the disease progression.

The objective of the current work is thus to develop, as a proof of concept, a Web appli-

cation to help clinicians in their daily practice in identifying patient-specific optimal dosing

regimen. Our previously developed mechanistic model of levodopa’s effect [15] is imple-

mented in the application. Values of some parameters are first individualized through fitting

to the patient’s data, namely tapping frequencies after a dose intake of levodopa, and then

the optimal dosing regimen for this patient can be found using an optimization algorithm.

The motor task of tapping frequency was chosen because of its simplicity, non-invasiveness,

and its high correlation with the subscore of bradykinesia in the Unified Parkinson’s Disease

Rating Scale (UPDRS) [6, 11], an international scale for Parkinson’s disease.

The progress achieved over the past few years in wearable devices that can continuously

monitor Parkinson’s disease symptoms in patients medicated with levodopa has opened the

possibility for the development of web and mobile tools for the optimization of therapy.

For example, a recent paper by Daneault et al. [4] reported that accelerometer data of 28

parkinsonian patients were recorded using a GeneActiv wristwatch on the most affected side

of patients, and a Pebble smartwatch on their least affected side, added to a smartphone at

the patient’s waist. The three devices were used to collect data at home while the patients

continue performing their usual daily activities for two days. Moreover, the Shimmer3 sensor

was used in [13] and [12] to measure accelerometer data at the pronation-supination task for

both wrists. The data collected with such wearable devices can be used to individualize the

parameters values of predictive models using fitting procedures. In [12], different parameters
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of a PKPD model were fitted to accelerometer data. The individualized model was then used

to optimize the dosing regimen of levodopa/carbidopa microtablets.

Using the mechanistic model of Parkinson and its therapy [15, 14], a similar approach was

used here. Different model parameters related to the dopaminergic system of basal ganglia

were individualized by fitting finger tapping frequency data. The model was then used to find

the optimal regimen of levodopa intravenous infusion according to the minimization of three

criteria: the time during which the patient’s tapping frequency is below a desired minimum

target value, the total dose, and the dosing frequency. This procedure was implemented in

a Web application using Matlab software to provide a user-friendly interface to be used by

clinicians.

The originality of our work lies in the use of a mechanistic model that includes parameters

that can be individualized according to patients’ needs. This proof-of-principle platform is

generic enough to be expanded to the optimization of other treatments regimen (dopamine

agonists...) and different routes of administration (oral, duodenal infusion, . . . ).

The different parts of the Web application are described in the Methods section. An

example of the use of the Web application with data extracted from [2] is provided in the

Results section.

2. Methods

In our previous work [15, 14], a mechanistic model of Parkinson’s Disease and its med-

ication was developed. This model was used to simulate the levodopa plasma concentra-

tion and effect curve for a given dose of levodopa at different stages of the disease. The

model is divided into three parts: a pharmacokinetic model of levodopa to simulate the

plasma concentration-time curve; a dopamine dynamics model to represent the dopamine

concentration-time curve in the brain; and finally a neurocomputational model of basal gan-

glia for the neuronal activity in all subregions of basal ganglia. From the neuronal activity,

the finger tapping frequency is deduced and used to evaluate levodopa’s effect on bradyki-

nesia. The different stages of disease are implemented in the model through a parameter
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f representing the fraction of dopaminergic neurons alive in the basal ganglia, previously

shown to be linearly related to UPDRS3 score [5]. UPDRS is an international measure used

to quantify the progression of Parkinson’s disease and the response to treatment. Its third

component (UPDRS3) assesses the patient’s motor function.

The current Web application was developed with MATLAB App designer.

2.1. Parameter fitting procedure

The Web App was developed to provide a patient-specific optimization of dosing regimen.

To this end, some model parameters [15] must be individualized. The model represents

the patient’ motor data after levodopa intake. The input to this App is comprised of the

levodopa intake dose and finger-tapping frequency recorded at different time points post dose.

The model is fitted by finding the parameters values that minimize the distance between

the simulated tapping frequency and the recorded data using the dosing information. The

MATLAB function fminsearch was used for the fitting procedure. This function used the

simplex algorithm. Around the initial estimate of the parameters, a simplexe is created by

adding 5% to their value. Then the algorithm walks through the different "vertices" and

chooses the one that optimises the most the objective function. Then from this vertex, a

new simplex is created and the process is repeated until the difference in the value of the

objective function between two iterations has reached the threshold. The fitted parameters

of the model are: the fraction of neurons alive f , Q13 and CLe3 , representing respectively

the inter-compartmental clearance and clearance of levodopa from the brain compartment

and α, β, γ the dopamine weights for the different neurotransmission pathways, as shown in

green in Figure 27.

In the clinical practice, the UPDRS score of the patient is entered as an input to the Web

App. This score is used to estimate the initial value of f for the fitting procedure. Indeed,

a linear relation was reported by Greffard et al between the UPDRS score and denervation

[5] of patients. The denervation was estimated post mortem. The linear relation between

denervation and UPDRS score with the parameters estimated with the data is the following:
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Figure 27. Model representation with its three parts, individualized parameters are in green

f0 = updrs3− 77.9
−120 , (2.1)

where f0 is the initial estimate of f in the fitting procedure and UPDRS3 is the patient

UPDRS-part III subscore. At the end of the fitting procedure, the model carries individual-

ized parameters values and can thus be used to simulate different dosing regimens for each

specific patient.

2.2. Regimen simulation

Let us give a typical example to illustrate the functioning of the App. In the regimen

simulation page, the clinician must enter the desired minimal tapping frequency for the

patient, as well as the levodopa dose for a period of 30 min infusion at 8am, 12h, 4pm and

8pm. These are the same times used in the optimization procedure described in the next

section. With this dosing information, the previously individualized model is used to simulate

the evolution of the tapping frequency with time. The tapping frequency and the minimal

desired tapping frequency are shown in a Figure on this tab for visualization purposes. The

time spent in the therapeutic window, defined as the time for which the tapping frequency

is above the minimal desired tapping frequency previously entered by the clinician, the total

daily dose and the frequency of dosing are given in the inserted table.
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2.3. Optimization of regimen

The Web App also offers the possibility to optimize the dosing regimen for a specific

patient (inverse problem compared to the above). In the current version of the app, used

to illustrate its application, 30 minutes infusion of 0, 50 and 100mg given at 8am, 12h, 4pm

and 8pm were considered. All possible regimens are simulated with the individualized model

and the optimal regimen is then identified. To this end, the clinician needs to enter the

desired minimum tapping frequency and the weights (w) of each of the involved criteria of

the objective function (OF) defined as the following:

OF = w1
TimeOFF

24h + w2
TotalDose

600mg + w3
DosingFrequency

4 . (2.2)

OF represents a score of the simulated regimen, which is the sum of the value to three

criteria. The best regimen should have the lowest OF value possible. For a given regimen, the

component Time OFF corresponds to the time during which the patient’s tapping frequency

is less than the desired minimum tapping frequency. Its division by 24h is meant to express

the result in percentage. The Total Dose is the total daily dose that would be given to the

patient; it is divided by 600 mg, which corresponds to the maximal recommended daily dose.

Dosing frequency is the total number of daily doses and can be 4 at a maximum here. The

minimization of the Time OFF is intended to maximize the time in which bradykinesia is

decreased by levodopa. Minimization of the Total Dose and the Dosing frequency is used to

minimize side effects. Each component of the objective function is multiplied by a weight,

w1, w2 and w3 which can be defined by the clinician according to his experience and to the

patient’s clinical concern. These weights represent the importance the clinician or patient

wants to attribute to each criterion for optimization. For example, a patient more concerned

about reducing the symptoms than the side effects could use w1 = 1, w2 = 0, w3 = 0, so the

optimization is performed only to reduce the time off. A similar vision involving weights in

the regimen optimization involved in an objective function within an Web App was previously
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used to individualize ADHD medication [3]. All possible dosing regimens are then tested to

identify the one with the minimal value of objective function (OF).

3. Results

Data of finger tapping frequencies were extracted from [2]. They were used with the

corresponding dosing information to showcase the applicability of the Web App. Four tabs

are included in the App: Drug concentration, Fitting, Simulation of regimen and Optimisa-

tion. The first two tabs are mainly used to enter the patient’s data and to fit the model’s

parameters. The other two are used to evaluate the performance of the dosing regimen either

in a direct way through the choice of a specific regimen, or in an inverse way, by fixing the

performance criteria and finding the corresponding optimal drug regimen.

In the following sections, a typical example will serve to illustrate the Web App func-

tioning.

3.1. Patient’s information and data

The Concentration tab of the App comprises three types of information that the clinician

needs to enter: 1) the patient’s UPDRS part III subscore, 2) the infusion time and 3) the dose

received prior to the recording of finger tapping frequencies. Once this information is entered,

the Plot concentrations button allows to simulate the pharmacokinetic curve. Parameters

from [2] were used herein to simulate the plasma concentration in time. Alternatively, mean

values taken from population pharmacokinetic models can be used to simulate the plasma

concentration to prevent having to measure plasma concentration at the patient bedside.

Figure 28 shows the first tab of the App with the simulation of the patient’s dosing

information prior to data recording.

The tapping frequency data are entered in the Fitting tab, as shown in Figure 29. The

clinician must enter the data himself in the current version of the App. Eventually, it would

be possible to collect these data directly from sensors. Visualisation of the data (black dots)

is possible using the Plot data button. The Fitting button allows to fit the model parameters
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Figure 28. First tab of the Web application

as described in section 2.1. Once the fitting procedure is over, the estimated parameters are

given in a table and the simulated finger tapping curve is plotted (blue line) to be compared

with the patient’s data.

3.2. Regime’s simulation

The Simulation of regimen tab is shown in Figure 30. This part of the App is dedicated

to the to assessment of the dosing regimen in a direct way, allowing the clinician to test a

specific regimen and compute its different components.

As observed in Figure 30, five boxes are dedicated to input different information: the

minimal desired tapping frequency along with the doses at 8am, noon, 4pm and 8 pm for

the example considered here. The mechanistic model with the specified dosing regimen will

be simulated by pressing the Simulate regimen button. The simulated finger tapping curve

with the minimal desired tapping frequency will be generated in the figure. The time spent

above the minimal desired frequency, the total daily dose and the dosing frequency will be
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Figure 29. Second tab of the Web application

computed and displayed in the table. The clinician can therefore visualize the regimen and

have the value of its different performance features.

3.3. Regimen’s optimization

The Optimisation tab of the App is shown in Figure 31.

Here, the investigation of the drug regimen is performed in an indirect way, i.e. once the

different information and criteria are entered, the algorithm is used to find the best regimen

according to these criteria. To this end, all the considered dosing regimen are simulated

and the one minimizing the objective function defined by equation 2.2 is selected as the

optimal one. As previously mentioned, the doses considered for the current example of 30

minutes infusion are 0 mg (no dose), 50 mg and 100mg, with the corresponding dosing

times of 8am, noon, 4 pm and 8 pm. The first input in this tab of the application is the

minimal desired tapping frequency, used to compute the Time OFF in equation 2.2. The

three other inputs are the weights w1, w2 and w3, used in the objective function of equation
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Figure 30. Third tab of the Web application

2.2. The clinician can choose the weights according to the importance he wishes to give to

each of the three components: the Time OFF, the total daily dose and the dosing frequency.

The optimization starts by pressing the Optimize regimen button. Once the optimization

process is over, the optimal dose to be given at 8am, noon, 4pm and 9 pm are indicated in

the table. The tapping frequency curve with the individualized parameters values and the

optimized regimen is plotted in blue in the figure. The minimal desired tapping frequency

is also plotted in dashed red. The clinician can therefore visualize the effect of the obtained

optimal regimen.

4. Discussion

Levodopa, the gold-standard treatment to alleviate Parkinson’s disease symptoms, is very

effective at the onset of disease. Unfortunately, as disease progresses, the duration of its effect

decreases, and the optimization of the regimen becomes difficult due to the appearance of

side effects. The main objective of this work was therefore to develop, as a proof of concept,
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Figure 31. Fourth tab of the Web application

a Web Application that could, in the future, assist clinicians in their search for an optimal

and individualized levodopa dosing regimen. This App was developed in MATLAB and

based on a mechanistic model previously developed by our team [15]. Prior to the use of

the App, the finger tapping frequency of the patient at a specific dose of levodopa needs

to be recorded. This can be obtained through the use of sensors [8]. The first tab of the

App interface then simulates plasma concentration curve for the dose given at the moment

of the tapping frequencies recording. In the second tab, the frequency data are entered,

and model’s parameters are fitted to obtain patient’s personalized values. The clinician can

simulate and visualize different dosing regimens in the third tab and obtain the time above a

minimal desired tapping frequency, the total daily dose, and the frequency of dosing. Finally,

using the last tab, all possible dosing regimens of 0, 50 or 100 mg given at either 8am, noon,

4pm and 8pm are simulated to determine the optimal one. This regimen is obtained by

minimizing an objective function that is the weighted sum of the time under the minimal

desired tapping frequency, the total dose, and the dosing frequency.
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In a recent work [12], an algorithm was developed to optimize the dosing of levodopa mi-

crotablets. An empiric pharmacokinetic-pharmacodynamic Emax model was used to fit data

obtained from the Parkinson’s KinetiGraph™ (PKG) and to be transposed in a treatment

response scale (TRS). Our work here differs by its mechanistic modeling approach involved

in the dopamine as well as in the neurocomputational submodels. To optimize different route

of administration of levodopa, only modification of the pharmacokinetic part of the whole

model could be here modified.

This Web app harnesses tapping frequencies data to personalize the model in a non-

invasive and simple way for the patients. The data could even be recorded by the patient at

home. The use of a mechanistic model in the App would allow to optimize levodopa regimens

for different administration routes (oral, duodenal infusion, ...) and with its evolution with

denervation. The Web app not only performs an optimization of regimen but also allows

the clinician to simulate the regimens to be evaluated, adding further flexibility. Some

limitations do however exist. The parameters included in the model/App that have to be

estimated with the data were chosen based on our general knowledge of the model. A more

thorough sensitivity analysis should be performed to identify the more sensitive parameters

in order to improve model individualization. Moreover, this first version of the App only

considers three doses given four times a day. More possibilities can be added to allow a

wider exploration of the optimization process. More sophisticated optimization algorithms

can also be used to accelerate the simulation exercise. Finally, the Web app needs to be

approved in clinical settings before its use with patients.

Nevertheless, this application is a first proof of concept of the use of a mechanistic model

for personalized optimization of levodopa dosing regimens and is a promising step towards

improved management of Parkinson’s disease symptoms with pharmacotherapy.

Author Contributions

This work makes up a portion of the doctoral thesis of FVV. Construction of the appli-

cation: FVV FN. Numerical simulations: FVV. Writing of the paper: FVV FN.

133



References
[1] J E Ahlskog et M D Muenter : Frequency of levodopa-related dyskinesias and motor fluctuations

as estimated from the cumulative literature. Movement disorders : official journal of the Movement

Disorder Society, 16:448–458, mai 2001.

[2] Chiara Baston, Manuela Contin, Giovanna Calandra Buonaura, Pietro Cortelli et Mauro

Ursino : A mathematical model of levodopa medication effect on basal ganglia in parkinson’s dis-

ease: An application to the alternate finger tapping task. Frontiers in human neuroscience, 10:280,

2016.

[3] Guillaume Bonnefois, Philippe Robaey, Olivier Barrière, Jun Li et Fahima Nekka : An evaluation

approach for the performance of dosing regimens in attention-deficit/hyperactivity disorder treatment.

Journal of child and adolescent psychopharmacology, 27:320–331, mai 2017.

[4] Jean-FrancoisDaneault, GloriaVergara-Diaz, Federico Parisi, ChenAdmati, ChristinaAlfonso,

Matilde Bertoli, Edoardo Bonizzoni, Gabriela Ferreira Carvalho, Gianluca Costante, Eric Ed-

uardo Fabara, Naama Fixler, Fatemah NoushinGolabchi, JohnGrowdon, Stefano Sapienza, Phil

Snyder, Shahar Shpigelman, Lewis Sudarsky, Margaret Daeschler, Lauren Bataille, Solveig K

Sieberts, Larsson Omberg, Steven Moore et Paolo Bonato : Accelerometer data collected with a

minimum set of wearable sensors from subjects with parkinson’s disease. Scientific data, 8:48, février

2021.

[5] SandrineGreffard, Marc Verny, Anne-Marie Bonnet, Jean-Yves Beinis, ClaudeGallinari, Sylvie

Meaume, François Piette, Jean-Jacques Hauw et Charles Duyckaerts : Motor score of the unified

parkinson disease rating scale as a good predictor of lewy body-associated neuronal loss in the substantia

nigra. Archives of neurology, 63:584–588, avril 2006.

[6] C N Homann, K Suppan, KWenzel, G Giovannoni, G Ivanic, S Horner, E Ott et H P Hartung

: The bradykinesia akinesia incoordination test (brain test), an objective and user-friendly means to

evaluate patients with parkinsonism. Movement disorders : official journal of the Movement Disorder

Society, 15:641–647, juillet 2000.

[7] Andrea Lee et Rebecca MGilbert : Epidemiology of parkinson disease. Neurologic clinics, 34:955–965,

novembre 2016.

[8] Luca Lonini, Andrew Dai, Nicholas Shawen, Tanya Simuni, Cynthia Poon, Leo Shimanovich,

Margaret Daeschler, Roozbeh Ghaffari, John A Rogers et Arun Jayaraman : Wearable sensors

for parkinson’s disease: which data are worth collecting for training symptom detection models. NPJ

digital medicine, 1:64, 2018.

134



[9] Christofer Lundqvist : Continuous levodopa for advanced parkinson’s disease. Neuropsychiatric disease

and treatment, 3:335–348, juin 2007.

[10] O Rascol, D J Brooks, A D Korczyn, P P De Deyn, C E Clarke et A E Lang : A five-year

study of the incidence of dyskinesia in patients with early parkinson’s disease who were treated with

ropinirole or levodopa. The New England journal of medicine, 342:1484–1491, mai 2000.

[11] Ana Lisa Taylor Tavares, Gregory S X E Jefferis, Mandy Koop, Bruce C Hill, Trevor Hastie,

Gary Heit et Helen M Bronte-Stewart : Quantitative measurements of alternating finger tapping

in parkinson’s disease correlate with updrs motor disability and reveal the improvement in fine mo-

tor control from medication and deep brain stimulation. Movement disorders : official journal of the

Movement Disorder Society, 20:1286–1298, octobre 2005.

[12] Ilias Thomas, Moudud Alam, Filip Bergquist, Dongni Johansson, Mevludin Memedi, Dag Ny-

holm et Jerker Westin : Sensor-based algorithmic dosing suggestions for oral administration of lev-

odopa/carbidopa microtablets for parkinson’s disease: a first experience. Journal of neurology, 266:651–

658, mars 2019.

[13] Ilias Thomas, Jerker Westin, Moudud Alam, Filip Bergquist, Dag Nyholm, Marina Senek et

Mevludin Memedi : A treatment-response index from wearable sensors for quantifying parkinson’s

disease motor states. IEEE journal of biomedical and health informatics, 22:1341–1349, septembre 2018.

[14] Florence Véronneau-Veilleux, Philippe Robaey, Mauro Ursino et Fahima Nekka : An integrative

model of parkinson’s disease treatment including levodopa pharmacokinetics, dopamine kinetics, basal

ganglia neurotransmission and motor action throughout disease progression. Journal of pharmacokinetics

and pharmacodynamics, 48:133–148, février 2021.

[15] Florence Véronneau-Veilleux, Mauro Ursino, Philippe Robaey, Daniel Lévesque et Fahima

Nekka : Nonlinear pharmacodynamics of levodopa through parkinson’s disease progression. Chaos

(Woodbury, N.Y.), 30:093146, septembre 2020.

[16] Yuncheng Wu, Weidong Le et Joseph Jankovic : Preclinical biomarkers of parkinson disease. Archives

of neurology, 68:22–30, janvier 2011.

135





Quatrième chapitre.

A mechanistic model of ADHD as resulting from dopamine
phasic/tonic imbalance during reinforcement learning

par

Florence Véronneau-Veilleux 1, Philippe Robaey2, Mauro Ursino3 et Fahima Nekka4

(1) Faculté de Pharmacie, Université de Montréal, Montréal, Québec, Canada
(2) Faculty of Medicine, University of Ottawa, Ottawa, Ontario, Canada
(3) Department of Electrical, Electronic and Information Engineering “Guglielmo Marconi”,

University of Bologna, 40136 Bologna, Italy
(4) Faculté de Pharmacie, Université de Montréal

Centre de recherches mathématiques, Université de Montréal,
Centre for Applied Mathematics in Bioscience and Medicine (CAMBAM), McGill University,
Montréal, Québec, Canada

Cet article a été soumis à Frontiers in Computational Neuroscience.

Diverses hypothèses ont été avancées concernant l’étiologie du TDAH. L’une d’elles sug-

gère qu’un déséquilibret entre la dopamine tonique, concentration de base, et la dopamine

phasique, impliquée dans l’apprentissage par renforcement, serait à l’origine des symptômes.

L’objectif de ce quatrième chapitre est d’évaluer, à l’aide d’un modèle QSP, les impacts

possibles d’un tel déséquilibre sur les ganglions de la base et sur la réponse à un stimulus

dans le cadre du TDAH. Le modèle développé au Chapitre 1 est adapté pour inclure la

dopamine tonique et phasique. Deux groupes de patients virtuels, avec ou sans déséquilibre

de la dopamine, sont créés pour étudier leurs réponses à une série de stimuli. Les patients

présentant un tel déséquilibre ont des temps de réaction plus longs et commettent plus d’er-

reurs, tel qu’observé chez les patients souffrant de TDAH. Une métrique est aussi développée

pour différencier la performance des patients.



Abstract. Attention deficit hyperactivity disorder (ADHD) is the most common neurode-

velopmental disorder in children. Although the involvement of dopamine in this disorder

seems to be established, the nature of dopaminergic dysfunction remains controversial. The

purpose of this study was to test whether the key response characteristics of ADHD could be

simulated by a mechanistic model that combines a decrease in tonic dopaminergic activity

with an increase in phasic responses in cortical-striatal loops during learning reinforcement.

To this end, we combined a dynamic model of dopamine with a neurocomputational model

of the basal ganglia with multiple action channels. We also included a dynamic model of

tonic and phasic dopamine release and control, and a learning procedure driven by tonic

and phasic dopamine levels. In the model, the dopamine imbalance is the result of impaired

presynaptic regulation of dopamine at the terminal level. Using this model, virtual indi-

viduals from a dopamine imbalance group and a control group were trained to associate

four stimuli with four actions with fully informative reinforcement feedback. In a second

phase, they were tested without feedback. Subjects in the dopamine imbalance group showed

poorer performance with more variable reaction times due to the presence of fast and very

slow responses, difficulty in choosing between stimuli even when they were of high inten-

sity, and greater sensitivity to noise. Learning history was also significantly more variable

in the dopamine imbalance group, explaining 75% of the variability in reaction time using

quadratic regression. The response profile of the virtual subjects varied as a function of

the learning history variability index to produce increasingly severe impairment, beginning

with an increase in response variability alone, then accumulating a decrease in performance

and finally a learning deficit. Although ADHD is certainly a heterogeneous disorder, these

results suggest that typical features of ADHD can be explained by a phasic/tonic imbalance

in dopaminergic activity alone.

Keywords: Attention deficit hyperactivity disorder, tonic and phasic dopamine, neuro-

computational model, basal ganglia, reinforcement learning

1. Introduction

Attention Deficit Hyperactivity Disorder (ADHD) is a complex neurodevelopmental dis-

order characterized by pervasive inattention, impulsivity, and restlessness that is inconsistent

with the patient’s age [3]. The origin of ADHD is largely genetic, and for a smaller part

environmental, mostly specific to each individual [15, 106]. The first genome-genome wide
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meta-analysis identified twelve loci in regions containing enhancers and promoters of expres-

sion in central nervous system tissues [21]. None of these loci were linked to the dopamine

system, despite the fact that dopamine genes have been associated with ADHD in candidate

gene approaches [63, 30]. Other converging evidence supports a role for dopaminergic dys-

function in ADHD. To briefly list them, most animal models used in ADHD research show

some type of dopamine dysfunction [98]. Stimulants such as methylphenidate, which are the

first line of treatment, block more than 50% of dopamine transporters (DAT) in the striatum

when given in therapeutic doses [100]. ADHD patients are vulnerable to drug dependence,

which may be explained by an overlap of ADHD with the dopamine deficiency syndrome

[13]. In functional brain imaging, the most consistent findings are deficits in activity in

fronto-striatal circuits where dopamine supports reinforcement learning [23, 70]. The clear-

est and most reproducible structural abnormalities in ADHD are located in the basal ganglia

and can be normalized by the use of stimulant medications [68]. There appears to be a 5-

to 10-year lag in the pruning of fronto-striatal circuits in ADHD patients compared to their

typically developing peers [22]. Functional magnetic resonance and diffusion tensor imag-

ing modalities consistently indicate disrupted connectivity in regions and tracts involving

fronto-striatal-thalamic loops in ADHD [79].

Different models have been proposed to account for a dopaminergic dysfunction. In

the basal ganglia, dopamine release may be sustained (tonic) and regulated by prefrontal

cortical afferents, or transient (phasic), caused by bursts of firing of dopaminergic neurons

[44]. The dynamic developmental theory (DDT) of ADHD proposed a hypo-dopaminergic

cause. Blunted phasic dopamine bursts impair reinforcement learning [101, 80], while a

hypoactive tonic firing rate results in impaired extinction of previously reinforced behaviors

[80]. A neural network developed by Frank et al. [34, 35] instantiated key properties of

cortico-striatal-thalamocortical loops, including direct and indirect basal ganglia pathways.

These authors used this basal ganglia model to test the plausibility of the DDT of ADHD

with reduced tonic and phasic dopamine levels in the striatum [36]. While they showed that

dopamine modulates the Go and NoGo pathways in the striatum, as well as average reaction
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time, they were unable to reproduce the increased variability in reaction time, a key feature

of ADHD [59], with this hypodopaminergic model alone.

As an alternative we here tested the plausibility of a model that combines a decrease in

tonic dopamine activity with an increase in phasic responses [45]. In Grace’s model, this

imbalance is the result of impaired presynaptic regulation of dopamine at the terminal level,

and not a central decrease in DA tonic activity that is associated with other conditions, such

as chronic stress [11, 25]. This imbalance produces abnormally large reward reinforcements,

which explains impulsivity, as well as the preference for smaller immediate rewards over

larger delayed rewards [57, 72]. This model received some support in a PET study showing

reduced tonic release and increased phasic release of dopamine in the right caudate in adults

with ADHD [6].

In the present study, we used a mechanistic model of the basal ganglia dopaminergic

system that we previously developed to help rationally improve pharmacological interventions

in Parkinson’s disease [99]. The model is a combination of a neurocomputational model of the

basal ganglia [9, 8] and a model of dopamine dynamics [26] that includes dopamine release

and reuptake by DAT. In addition, we included the tonic and phasic release of dopamine

as well as the negative regulation of dopaminergic neuron activity by autoreceptors. We

used phasic dopamine release as a reward prediction error signal for a correct response

and a phasic decrease in tonic dopamine activity as a punishment prediction error signal

for a false response [83]. Considering that ADHD results from transactions between at-

risk individuals and their specific environment [16, 17], we used this computational model

to test the hypothesis that the phasic/tonic imbalance of DA release would lead, during

reinforcement learning, to the development in some individuals of ADHD characteristics, in

particular response variability.

As dopamine in basal ganglia is primarily involved in learning reinforcement, we consid-

ered dopamine phasic vs. tonic release imbalance as a risk factor, and created two groups of

virtual participants: one with a phasic/tonic imbalance and the other with the normal bal-

ance. We trained all of them to learn responses to 4 stimuli presented in a random sequence,
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using a forced-choice probabilistic task with a fixed reinforcement learning schedule and fully

informative reinforcement feedback. Next, we assessed the outcome of learning reinforcement

process in a test phase to determine whether or not ADHD characteristics would be present

more frequently in the dopamine imbalance group than in the control group. Finally, we

identified the characteristics of the learning phase that were associated with the development

of these ADHD features in the dopamine imbalance group.

2. Methods

The mechanistic model herein developed can be divided into two parts: the dopamine

dynamics model and the neurocomputational model of basal ganglia. Synaptic learning in

the basal ganglia is modeled with the Hebb’s rule, which states that two neurons having both

high activity will strengthen their connections, whereas connections will weaken in case of

neurons with opposite activity. This rule allows the value of synaptic weights to be modified

according to tonic and phasic dopamine concentrations. The simulations comprise a learning

and a test phase.

2.1. Dopamine dynamics model

The dopamine dynamics model describes the temporal dopamine concentration, both

tonic and phasic, autoreceptors occupancy and dopaminergic receptors occupancy. It was

adapted from previously published models [27, 28, 26, 40].

The main mechanisms of dopamine regulation are outlined in the equations of the model

and are represented in Figure 32. Dopamine is synthesized in the dopaminergic neurons and

then released in the synaptic cleft. Sustained dopamine release refers to tonic dopamine,

while transient dopamine release generated by bursts refers to phasic dopamine. The re-

lease of phasic dopamine is a reward prediction error signal [66, 102], whereas a drop in

dopamine levels is a punishment prediction error signal. In the synaptic cleft, dopamine can

be recaptured by DATs into the presynaptic neuron or be removed from the synaptic cleft by

different mechanisms such as diffusion or inactivation by the Catechol-O-methyltransferase.
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Figure 32. Schematic representation of dopamine release, recapture, removal and binding
to receptors in the synaptic cleft

The remaining dopamine molecules can bind to dopaminergic autoreceptors located on

the presynaptic neurons or to receptors on the postsynaptic neurons. In the present work,

only dopaminergic receptors D1 and D2 are considered. All the above mentioned mecha-

nisms are accounted for by the dopamine dynamics model, formulated in equations 2.1 and

2.2, where CDA(t) is the dopamine concentration (µM/L) in the synaptic cleft and AR(t)

the autoreceptors occupancy. Some terms were highlighted to provide a clearer connection

between the different equations.

dCDA(t)
dt︸ ︷︷ ︸

Dopamine concentration

= (I tonicDA + IphasicDA (t))︸ ︷︷ ︸
Dopamine Release

− VmaxCDA(t)
(km + CDA(t))︸ ︷︷ ︸
Recapture by DATs

− kremCDA(t)︸ ︷︷ ︸
Removal

, (2.1)

dAR(t)
dt︸ ︷︷ ︸

Autoreceptor occupancy

= CDA(t)kon(1− AR(t))︸ ︷︷ ︸
Binding to autoreceptors

− koffAR(t)︸ ︷︷ ︸
Unbinding to autoreceptors

. (2.2)
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As indicated in equation 2.1, the release of dopamine is divided into two terms to account

for both tonic and phasic release. The recapture by DATs is a saturable process described by

a Michaelis-Menten equation. All other mechanisms contributing to dopamine removal are

assumed to be linear [14, 26] and are schematized through the last term in the right-hand

member of equation 2.1. The binding to autoreceptors is proportional to dopamine concen-

tration and free autoreceptors, while unbinding is proportional only to bound autoreceptors.

Autoreceptors have a regulatory effect on dopamine concentration. Indeed, they pro-

vide a negative feedback to adjust dopamine concentration through firing rate, synthesis,

and release [10, 12]. Prolonged dopamine agonist exposure desensitizes autoreceptors in

dopamine neurons [78]. Loss of inhibition influence facilitates further dopamine release and

has been linked to drug abuse. Desensitization was not included in the model which is

focused on the short-term effect of dopamine on autoreceptors. If tonic dopamine level de-

creases (in our ADHD model through increased dopamine reuptake), the temporary decrease

in autoreceptor-mediated inhibition would mainly increase phasic dopamine release following

the model developed by Grace [44, 46]. Autoinhibition of the presynaptic neurons is in-

cluded in the model through the phasic release term only which is associated with the reward

prediction error, while the tonic term is not here modified by autoreceptors occupancy [44].

The tonic dopamine release term is given by:

I tonicDA = ρ
P tonic
r n0

αvfNA

υtonic, (2.3)

where ρ is the terminal density, P tonic
r the tonic release probability, n0 the number of

molecules released per vesicles fusion, αvf the extracellular volume fraction, NA the Avo-

gadros constant and υtonic the tonic firing rate. The tonic release is independent of autore-

ceptors occupancy, as explained above.

The phasic release term at time t is given by:

— when there is no response yet, and no prediction error signal:

IphasicDA (t) = 0, (2.4)
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— when there is a reward prediction error signal at time treward:

IphasicDA (t) = ρ

(
P phasic
r · 0.334

AR(t)

)
n0|RPE|

αvfNA

(
υphasic ·

0.334
AR(t)

)
, (2.5)

for treward + 0.1 ≤ t ≤ treward + 0.1 + 0.05, (2.6)

— when there is a punishment prediction error at time tpunishment:

CDA(t) = 0, (2.7)

for tpunishment + 0.1 ≤ t ≤ tpunishment + 0.1 + 0.05. (2.8)

The terminal density (ρ), the number of molecules released per vesicles fusion (n0), the

extracellular volume fraction (αvf ) and the Avogadros constant (NA) parameters are not

modified by autoreceptors occupancy. Since vesicular release probability (P phasic
r ) and phasic

firing rate (υphasic) are decreased by autoreceptors [44], they are assumed to be inversely

proportional to autoreceptors occupancy [10, 28]. The exact relationship is not known but

assumed here as inversely proportional for simplicity. The value 0.334, used to normalize the

equation for the control case, corresponds to autoreceptors occupancy. Therefore, equation

2.10 indicates that the activation of autoreceptors reduces phasic dopamine release. The

values 0.1s [7] and 0.05s represent the latency and duration of the reward or punishment

error prediction signal, respectively. Phasic dopamine release is also proportional to the

reward prediction signal. This issue will be discussed in more details in section 2.3.

In the occurrence of a punishment, the activity of the dopamine neuron is temporarily

suppressed (both tonic and phasic firing rate fall to zero). According to equations 2.1 and 2.8,

this can be simulated in the model assuming υtonic = 0 which corresponds to the following

differential equation:

dCDA(t)
dt

= − VmaxCDA(t)
km + CDA(t) − kremCDA(t). (2.9)

With the parameters we used, this equation requires about 500 ms to reach the new equilib-

rium with CDA = 0, which is close to the duration of dopamine neuron activity suppression
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after the absence of an expected reward [82]. However, the time to reach this equilibrium

may vary as a function of the previous discharge rate, tonic dopamine level, or reuptake.

To simplify the model, the value CDA = 0 was directly applied at the same time as for the

phasic dopamine discharge associated with a reward, as shown in equations 2.12 and 2.13.

In the model, autoreceptors occupancy depends on the overall dopamine concentration

(tonic and phasic). It could be argued that, due to diffusion, only a fraction of phasic

dopamine reaches autoreceptors and thus alters the release. Simulations were performed to

integrate this concentration gradient on phasic dopamine reaching autoreceptors, but the

results were not significantly different (not shown here), therefore the version presented here

was chosen for simplicity.

Finally, dopamine molecules can bind to dopaminergic receptors, corresponding to D1

and D2 receptors in the current work. The occupancy of receptors of type i ∈ {1,2} in time

is given by the following function:

Di(t) = BDi
maxCDA(t)

kDi
D + CDA(t)

(2.10)

where BDi
max and kDi

D are the maximal concentration and dissociation constant of type i

receptors, respectively. Receptors occupancy will be used in the neurocomputational model

of basal ganglia as the postsynaptic effect of dopamine on the neurons in the different neu-

rotransmission pathways [53].

The parameter values for the dopamine dynamics model are given in Table 3.

Using the developed model, two groups of virtual individuals were created: control and

dopamine imbalance individuals. The difference between the two groups lies in the modifica-

tion of the Vmax parameter of equation 2.1. From a mathematical standpoint, the parameter

km could also have been decreased to obtain similar results.

2.2. Neurocomputational model of basal ganglia

Tonic and phasic dopamine are coding prediction error signals in the basal ganglia [85].

ADHD is associated with dopamine dysfunctions in the cortex and the basal ganglia [20,
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Table 3. Parameter values in the dopamine dynamic model

Parameters Description Value Literature
value

Reference

Vmax Maximal reuptake rate
by DATs

Control : 1.2 µM/Ls
Dopamine imbalance :
1.8 µM/Ls

[0.2 4.3] [40, 67, 69, 87]

km apparent Michaelis–
Menten constant

0.15 µM/L [0.1, 0.2] [40, 54, 58, 67]

krem Removal rate 0.04 s−1 0.04 [28]
kon On-rate for DA bind-

ing to presynaptic au-
toreceptors

10 µM−1s−1 10 [28]

koff Off-rate for DA bind-
ing to presynaptic au-
toreceptors

0.4 s−1 0.4 [28]

ρ Density of dopamine
terminals in striatum

0.025 · 1015 termi-
nals/L

adapted

αvf Volume fraction of ex-
tracellular space

0.21 [0.19, 0.22] [91]

n0 Number of dopamine
molecules released
during vesicle fusion

3000
molecules/terminal

3000 [26, 74]

NA Avogadros constant 6.02214076 · 1023 M−1 6.02214076 ·
1023

P phasic
r Vesicle release proba-

bility
0.06 [0.025, 0.15] [28]

P tonic
r Vesicle release proba-

bility
0.06 [0.025, 0.15] [28]

υtonic Average tonic firing
rate

4 s−1 [4,5] [31]

υphasic Average phasic firing
rate

40 s−1 [20,100] [31]

BD1
max D1 receptor maximal

density
1.6 µM/L 1.6 [56]

kD1
D D1 receptor dissocia-

tion constant
1 µM/L 1 [77]

BD2
max D2 receptor maximal

density
0.08 µM/L 0.08 [56]

kD2
D D2 receptor dissocia-

tion constant
0.01 µM/L 0.01 [77]

38, 42, 68, 71, 88]. Hence, a neurocomputational model of basal ganglia with a learning

procedure was added to the dopamine dynamics model.
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The neurocomputational model presented here is an adaptation from the model devel-

oped in [8]. It involves the temporal neural activity in the cortex, the thalamus and the

different regions of the basal ganglia (striatum, globus pallidus intern and extern, and sub-

thalamic nucleus), with a representation of the external stimulus S. The neuronal activities

are normalized to obtain a value between 0 and 1. The connections between each region

follow three neurotransmission pathways: direct, indirect and hyperdirect. The direct path-

way promotes movement, the indirect inhibits it, and the hyperdirect pathway suppresses

erroneous movements. D1 and D2 receptors occupancy have an excitatory effect in the direct

pathway and an inhibitory effect in the indirect pathway, respectively. Both pathways are

potentiated by the effect of cholinergic interneurons, also included in the model.
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Figure 33. Schematic representation of the neurocomputational model of basal and its four
action channels.

A representation of the neurocomputational model of basal ganglia is given in Figure

33. Each region of the model is divided into four action channels, representing different

alternative choices. This division allow investigating the response of basal ganglia to various

target stimuli. Neural activity in each action channel is computed through an ordinary

differential equation, simulating neural dynamics, and a sigmoidal relationship, which mimics

the typical non-linear phenomena of the neurons (lower threshold and upper saturation).
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The input to each differential equation is calculated by summing all the upstream activities

converging to that neuron, weighted by the synaptic strength. The synaptic weight matrices

correspond to the weight of connections between the regions for all four action channels.

Equations and parameter values of the model can be found in the Supplementary material

C.

2.3. Learning in the basal ganglia

Impairments in reinforcement learning are thought to be involved in ADHD [1, 80,

95]. Therefore, we included a reinforcement learning process with reward and punishment

prediction error signals in the model. The strength of connections between each region

of basal ganglia is given by synaptic weight matrices noted wij, where i and j are the

postsynaptic and presynaptic regions, respectively . The values of these weights can be

modified by the learning process. For simplicity, only matrices related to striatum, wGS,

wNS, wGC , wNC , were considered to be plastic; these connections are represented by dashed

lines in Figure 33. The matrices wGC and wNC are diagonal while wGS and wNS are full

matrices. At the beginning of the learning process, these weight matrices are in a naive

state, with no differentiation between the actions channels. Here are the initial value of the

matrices:

wGC = wNC =



0.5 0 0 0

0 0.5 0 0

0 0 0.5 0

0 0 0 0.5


, (2.11)

wGS = wNS =



0.5 0.5 0.5 0.5

0.5 0.5 0.5 0.5

0.5 0.5 0.5 0.5

0.5 0.5 0.5 0.5


. (2.12)

We here give the details of a typical trial of the learning process. A stimulus representa-

tion S is sent for 800 ms to each action channel. One channel will receive a strong stimulus
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of value 1, another one receives a weaker stimulus of value 0.2, while the two others receive

even weaker stimuli with a value of 0.1 each. In the present work, we used an input vector

with the same dimension as the number of possible actions, with a higher value (close to

1) at the same position of the rewarded action, and a smaller value at the positions of the

punished actions, just to simplify the final analysis of the synapses. An input vector with

different dimensions and with different values could be used as well, resulting in a more

complex pattern of synapses. The idea here is to simply associate an input vector to a "win-

ner takes all" output vector, considered as the selected response. The possible considered

vectors for S are S =
[
1 0.2 0.1 0.1

]
, S =

[
0.2 1 0.1 0.1

]
, S =

[
0.1 0.1 0.2 1

]
and S =

[
0.1 0.1 1 0.2

]
. Neuronal activity in all regions of basal ganglia are computed

for 800 ms. An action is considered to have been performed or chosen if the activity in its

related action channel in the cortex is above 0.9, while the activity in all other channels is

close to zero, using the winner-takes-all dynamics implemented in the cortex.

We used a fixed scale of prediction error values throughout learning. The prediction

error is the discrepancy between observed and expected outcome, and a naive subject can-

not predict whether the response would be correct or not. If the chosen action is in the

action channel with the highest value of S, a reward prediction error of 1 is attributed. If

however the second highest value (0.2) is chosen, a smaller reward prediction error of 0.1 is

attributed. A punishment prediction error is given when the the lowest value (0.1) is chosen.

Rewards prediction errors are signaled by phasic dopamine peaks governed by equation 2.11.

When a punishment prediction error occurs, dopamine concentration drops to zero. This is

equivalent to providing the virtual subjects with rewards and punishments, but we delivered

directly the reward/punishment prediction error dopamine signals. These prediction errors

are the differences between received and predicted rewards [84], where here the virtual pa-

tient predicts a reward when an action is chosen. This process is repeated over 1000 trials

(epochs). Once the learning procedure is complete, the model is expected to effectively dif-

ferentiate between weak and strong stimuli, so that responses occur only when strong stimuli

are applied.
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The resulting rewards/punishments prediction error signal will lead to a modification

of the synaptic weights contained in the matrices. These weights modifications during the

learning process are dictated by the Hebb Rule, which states two neurons having both high

activity will strengthen their connections, whereas connections will weaken in case of neurons

with opposite activity. The Hebb rule describes how much the weights are increased or

decreased at each step of the training procedure. In particular, the following equation holds

at each step to assign a new synaptic value, [9]:

wAB ← wAB + ∆wAB, (2.13)

where wAB represents the matrix containing the weights from the presynaptic region B to

the postsynaptic region A, with A being either S or C in Figure 33 and B being either G

(Go) or N (NoGo) in the same figure, and ∆wAB is the synaptic change computed at this

step. Each row in these matrices represent the synapses entering the postsynaptic neuron,

and each column those emerging from the presynaptic one. Hence, all matrices have 4 × 4

dimensions in the work presented here. This modification of the synaptic weights happens

once every epoch between a latency period of 0.1s and for a duration of 0.05s once an action is

chosen. The latency and duration are the same as the ones for the reward/punishment error

prediction signal. The individual elements at position ij in the array ∆wAB are computed

through the following equation (Hebb rule):

∆wABij = φ · (yBj − ϑpresynaptic)+(yAi − ϑpostsynaptic), (2.14)

where yBj is the activity of the presynaptic neuron in the action channel j of the region

B, yAi is the activity of the postsynaptic neuron in the action channel i of the region A and

ϑpresynaptic, ϑpostsynaptic the pre- and postsynaptic thresholds . The positive part function ( []+

) ensures that learning occurs only if the presynaptic neurons are excited and their activity

is above the threshold. Of course, in case of diagonal matrices (wGC and wNC), only the
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elements with i = j are trained, compared to non-diagonal matrices wGS and wNS where

all elements are trained. Dopamine is thought to have the ability to modulate synaptic

plasticity, although the exact relationship does not seem to be established [39, ?, 76]. From

previous work, it seemed reasonable to assume a proportionnal relationship with dopamine

ratio and RPE. The gain parameter φ is proportional to the reward prediction error since,

for example, a large reward prediction error will lead to a larger variation in the synaptic

value than a small reward prediction error. The gain parameter is also proportional to the

ratio of phasic peak and tonic dopamine. It is calculated beforehand and considered as a

constant. The equation is the following:

φ = 0.0013· | RPE | ·DA ratio, (2.15)

DA ratio =
(
Cphasic
DA − Ctonic

DA

Ctonic
DA

)
. (2.16)

The dopamine ratio is higher in the dopamine imbalance group (with a value of ∼ 8.3)

compared to the control one (with a value of ∼ 3), so the gain parameter φ is higher.

2.4. Simulation of virtual patients groups

The control and dopamine imbalance groups, with 10 virtual subjects each, were created

with the model. The only difference between the two groups is in the value of Vmax. A

higher rate of dopamine recapture is expected to lower the dopamine tonic concentration

which in turn is expected to increase the phasic dopamine concentration, and thus the tonic

phasic dopamine ratio, through a lower occupancy of autoreceptors. The steps of the learning

procedure of a subject are summarized below.

(1) The synaptic weight matrices wGS, wNS, wGC , wNC start in a naive state, meaning

no differentiation between the actions channels.

(2) Out of the four choices (S =
[
1 0.2 0.1 0.1

]
, S =

[
0.2 1 0.1 0.1

]
, S =[

0.1 0.1 0.2 1
]
and S =

[
0.1 0.1 1 0.2

]
), a stimulus S in sent to the cortex
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for 800 ms. The process will be repeated for the other 3 stimuli in a random order.

Noise was added in the cortex, derived from a uniform distribution and ranging from

0 to 0.2. The seed of the noise differentiates the individuals within a group but not

between groups, while the Vmax value differentiates the two groups. For example, the

control individual #1 has the same noise’s seed as dopamine imbalance individual

#1, but a different value of Vmax. At the end of the 800 ms, the subject receives

either a large or a small reward prediction error signal according to his choice of the

action that corresponds to the highest or the second strongest stimulus, respectively.

Otherwise, the patient receives a punishment prediction error signal. Transient peaks

of phasic dopamine are given accordingly and the Hebb rule is applied to modify the

value of synapses. This process is repeated with the three other choices of S.

(3) Step 2 is repeated 250 times for a total of 250× 4 = 1000 epochs.

(4) Once the training phase is over, the performance of the virtual subjects in each group

was assessed in a testing phase. For each individual, the weight matrices were fixed

to the values found at the end of the training process to assess their performance.

During the test phase, we also used a four-choice reaction time task. A series of stimuli are

presented to the virtual individuals in the different action channels through a signal S to

the cortex. The stimulus in the targeted action channel has a value of 1 with the addition of

noise. Noise is also added in the other action channels directly in the cortex. Each stimulus

is presented for 1800 ms with a 500 ms pause in between each stimulus.The criterion for a

response is an activity in one of the four action channels in the cortex greater than 0.9. Due

to the winner-takes-all dynamics, the other three channels will then have activity close to

zero. For simplicity purposes, a response in the same action channel as the target stimulus is

considered as a success. Otherwise it constitutes a failure. Or course successes and failures

could have been defined in different ways. The idea here is simply to associate to an input

vector, an output vector considered as the correct response.

During the test phase, there is always a response after a stimulus, being a success or a

failure. Each individual is presented 100 stimuli. The mean and standard deviation of the
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percentage of successes and of the reaction times are computed in each simulated group.

Stimulus of different amplitudes were also sent in the first action channel and the responses

were recorded to study the differentiation between weak and strong signals. In order to

compare the ability of differentiating between weak and strong signals, we repeated the task

and computed the cortex activity for different values of noise added to the input signal (S).

3. Results

3.1. Tonic and phasic dopamine release

Using the model, dopamine concentrations were simulated for the two groups as shown

in Figure 34. Phasic peaks were created by a burst lasting 0.05 s.
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Figure 34. Tonic and phasic dopamine concentrations in time simulated with the model
for the dopamine imbalance and the control group. In the dopamine imbalance group, tonic
dopamine levels are lower due to increased recapture, which leads to decreased autoreceptor
occupancy. Reduced autoreceptor occupancy causes higher peak of phasic dopamine because
of autoregulation.

As seen in Figure 34, dopamine imbalance individuals have lower tonic dopamine concen-

tration due to higher dopamine recapture. In turn, autoreceptors regulation causes higher

phasic dopamine concentration. This dopamine imbalance will have different impact on the

learning process in the basal ganglia.
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3.2. Performance during the test phase

In the first task, the mean and standard deviation of the percentage of successes to a

serie of 100 stimuli and of reaction times are computed in each simulated group and shown

in the following figure.
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Figure 35. Mean and standard deviation of reaction time and percentage of success of
choices in a serie of 100 stimuli in each group

As shown in Figure 35, the rate of successes was lower and more variable in the dopamine

imbalance group, as compared to the control group. Moreover, the simulated mean reac-

tion times was slower in the dopamine imbalance group than in the control group. In our

simulations, the mean and standard deviation of reaction times are respectively 1.12 and

9.20 times larger in the dopamine imbalance group than in the control group.We used the

ex-Gaussian distribution to estimate the reaction time distribution by combining a normal

and an exponential distribution. Three parameters characterized the ex-Gaussian distribu-

tion: the mean µ and standard deviation σ of the normal distribution, and τ representing

the mean and standard deviation of the exponential part. An ex-Gaussian distribution was

fitted to the simulated reaction times of the virtual individuals as seen in Figure 36.

The τ parameter was 12 times larger in the dopamine imbalance group than in the control

group (47 vs. 3.8) while the µ parameter was 0.8 times smaller (118 vs. 144).
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Figure 36. Histogram (colored boxes) and fitted density function (black line) of simulated
reaction times of the virtual individuals in the control and dopamine imbalance groups

3.3. Performance with increasing noise

We assessed the performance of the individuals in each group described in the above

section by increasing the standard deviation of the noise added to the input signal S. A series

of 100 stimuli was again presented with a noise directly added to the stimulus representation

in the cortex S, with a mean of 1 and a standard deviation ranging from 0 to 1. A larger

standard deviation increased the proportion of trial contaminated by higher intensity noise.

Figure 37 shows that in the dopamine imbalance group the mean percentage of successes

(orange solid line) quickly dropped while the variability (orange shaded area) increased with

increasing noise variability. By contrast, in the control group, the performance remained

optimal, with no variability, until the noise variability was greater than 0.6

3.4. Input and output of basal ganglia

During the test phase, we also computed the output activity in the cortex related to the

response as a function of the input value of the stimulus. A stimulus of different amplitudes,

ranging from 0.1 to 1, is sent in the first action channel while all three other channels receive

noise of small amplitude. The mean, the 5th and the 95th output curves of the cortex

neuronal activity in the first action channel as a function of the input signal value for each

group are shown in Figure 38.

By comparing neural activity of basal ganglia input and output, it is clear that in control

subjects, the basal ganglia have a high neural gain. Response-related activity is suppressed
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until stimulus-related cortical activity reaches 0.5 in the control group. Output activity then

increases rapidly for an input between 0.5 and 0.7 at which point it remains maximal. In

contrast, in the dopamine imbalance group, activity is suppressed up to an input of 0.4,

after which the gain increases rapidly but only for stimulus-related activity between 0.4 and

0.5. For stimulus-related activity values between 0.5 and 1, the gain is strongly attenuated

as response-related activity increases from 4.5 to 7. However, the most striking aspect of
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the gain is the extreme variability of the output in the dopamine imbalance group, which

ranges from 0 to 1 in response to stimulus-related activity values between 0.7 and 1. In

this group, some individuals respond correctly and others have wrong responses which will

lead to an output activity close to zero due to the winner-takes-all dynamic, thus inducing

high variability. In contrast, in the controls, the variability is almost zero, except for the

amplification phase, especially around the inflection point.

3.5. Performance during the training phase

During the training phase, we computed the number of trials to obtain 5 successful

responses over 10 successive trials. All participants in the normal group reached the learning

criterion, but 2 participants in the dopamine imbalance group failed to do so even after 1000

trials. The number of trials to reach criterion was on average 65.1 (SD = 52.6) in the control

group, but 20% higher in the dopamine imbalance group, with an average of 85.5 (SD=67.8),

excluding those who never reached the criterion.

3.6. Evolution of synaptic weights

Four synaptic weights matrices were modified during training: wGS, wNS (stimulus-

related synaptic weights) and wGC , wNC (response-related synaptic weights). These matrices

start in a naive configuration, with no differentiation between the four action channels. They

are modified during the training by the Hebb Rule, with a gain parameter that is proportional

to the phasic vs. tonic dopamine ratio.

Over the course of the 1000 trials in the training phase, the matrix weights changed

differently between the two groups, and between individuals within each group. Figures 49

to 56 of Supplementary material C show the matrix values across trials for the 10 subjects

in each of the control and dopamine imbalance groups. In the direct pathway, for control

subjects, all stimulus-related synaptic weights first decreased, then increased slightly for

successes (diagonal), but continued to decrease for errors. Response-related synaptic weights

increased slightly. Inter-individual differences remained small, with a slight increase at the
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end of learning. In the indirect pathway, all stimulus- and response-related synaptic weights

decreased, again with a slight increase in interindividual differences.

In comparison, the trends were the same for the group with dopamine imbalance, but

inter-individual differences in synaptic weights and their evolution during learning were much

larger. In the direct pathway, stimulus-related synaptic weights strongly increased for suc-

cesses at different times during learning until they reached a maximum in some individuals,

whereas they decreased slightly in others. Synaptic weights off the diagonal (errors) de-

creased for all individuals but diverged at different times. Synaptic weights related to the

response showed the same changes as stimulus-related weights. In the indirect pathway,

synaptic weights decreased for both the response and stimulus channels, but this decrease

began at different times during learning across individuals. Hence, inter-individual differ-

ences were much larger at the end of the learning phase in the dopamine imbalance than in

the control group.

3.7. History of rewards and punishments prediction errors during

training

In the present section, a metric is developed to differentiate the performance in the test

phase of the dopamine imbalance group from the control one based on their history during

the training phase. During the training process, the history of rewards and punishments is

stored in a vector with value 1 for a large reward, 0.1 for a small reward, −1 for a punishment

and 0 for no response. It is therefore possible to study the history of each individual and to

relate it to his performance in the test phase.

Figure 39 shows the cumulative sum of the history vector for each action channel of the

first 5 individuals in each group. A negative cumulative sum results from a series of failures

overcoming successes, while a positive cumulative sum would indicate the opposite.

There seems to be an initial phase in which there is an excess of errors, followed by a

second phase (> 500 epoch) in which rewards prediction errors dominate over punishments

for all actions.
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Figure 39. Cumulative sum of history vector at each epoch for the first five individuals in
each group

Individuals from the control group seem to learn each action in a proportional way for

all action channels. The individuals in the dopamine imbalance group had a higher number

of rewards for some action channels at the expense of the others. In order to quantify the

inter-individual differences in learning, a weighted standard deviation (weighted std) for the

cumulative sum of history was computed for each individual, and expressed by the following

equations:

ratio = 1
1000

∑1000
i=1

∑4
j=1 #negative cumsumactionj

(i)∑1000
i=1

∑4
j=1 #positive cumsumactionj

(i) , (3.1)

stdhistory = 1
1000

√√√√√1000∑
i=1

 4∑
j=1

(cumsumactionj
(i)−mean(i))2

, (3.2)

weighted stdhistory = ratio · stdhistory (3.3)

where i is the epoch number, j the action number, cumsumactionj
(i) the cumulative sum of

history vector for action j at epoch i and mean(i) is the the mean of cumulative history at

epoch i for all action channels. The standard deviation of the history (stdhistory) is weighted

by a ratio to take into account the fact that the cumulative sum of history is either positive

or negative. The ratio is the sum of negative cumulative sum of history divided by the sum of
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positive cumulative sum of history, leading to a larger ratio when the negative cumulative sum

exceeds the positive one. Division by 1000 is for scaling. The weighted stdhistory was larger

in the dopamine imbalance group than the control one. In order to assess the relationship

between the training and test phase, a plot of the standard deviation of the reaction times

as a function of the weighted stdhistory value is depicted in Figure 40. A linear regression

(dashed line) and a quadratic function (dashed curve) between the weighted stdhistory and

the standard deviation of reaction times were applied to the control group and the imbalance

group, respectively. The individuals in the dopamine imbalance group could be divided into

three subgroups (a,b and c) along the quadratic regression as seen in Figure 40. Group

a contained the individuals with a perfect performance, low µ, low σ and low τ . which

explains their proximity to the individuals in the control group. The individuals with a less

than perfect performance were divided into groups b and c. The distribution of reaction

times in the group b is closer to an exponential distribution than to a normal one with low

µ and σ but very high τ due to an excess of slow responses as reported in the literature [59].

These individuals have both fast and very slow reaction times, driving thus the mean to a

high value. As the weighted stdhistory increases for individuals in group c, the performance

further decreased with fewer correct responses, the µ parameters increased, and the σ and τ

had intermediate values and were quite similar.

4. Discussion

Comparison between simulated and reported dopamine concentration

In the current work, we investigated the effect of phasic vs. tonic dopamine imbalance

during reinforcement learning on overt responses and on synaptic weights in the basal

ganglia. We altered the phasic vs. tonic ratio by increasing the rate of maximal dopamine

reuptake by DATs. As the rate of dopamine reuptake increases, the tonic level of dopamine

decreases, which results in a decrease in autoreceptor binding, and in turn in an increase

in the phasic response [33]. This modification increased the phasic response by about

40%. The values of simulated dopamine concentrations that we found are consistent with
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Figure 40. Standard deviation (std) of reaction times for each individual in each group
as a function of the weighted stdhistory. Equation of the linear regression and quadratic
regression performed respectively in the control group and dopamine imbalance group are
shown. Individuals in the dopamine imbalance group are divided into three sub-groups, a,
b and c.

those reported in the literature, with a tonic concentration between 0.005 and 0.02µM/L

[56, 103], and a phasic concentration ranges between 0.01 and 1 µM/L [105]. More

precisely, phasic dopamine concentrations were estimated to be ∼ 0.1 µM/L in [7].

Evidence for the role of DATs in ADHD

Although increased reuptake by DAT did change the DA phasic/tonic ratio as expected, one

may question whether it is a plausible mechanism in Grace’s ADHD model. DAT function is

regulated by changes in endocytic trafficking that are governed by binding interactions of its

N- and C-terminal domain structures. DAT is thus a key player within an interactome that

includes other components, in particular dopamine autoreceptors, that control the balance

of dopaminergic discharge. There is also a body of evidence on the role of DATs in ADHD.

In a meta-analysis, DAT striatal density was increased by 14% in ADHD. However, DAT

density was higher in patients previously medicated with stimulant [41]. This conclusion

was disputed as some patients may have been misclassified [89], but the fact that long-term

treatment with stimulant increased DAT density has been demonstrated [104]. Genetic
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variants could also affect DAT function. There are different genetic variants of DAT [48]

but the most studied is a variable number tandem repeat (VNTR) in the 3’ regulatory

regions of the gene, which results in two main forms (long 10R, and short 9R). The 10R

has been found to be associated with ADHD, at least in children and youth [47], and is

associated with a small increase in DAT binding [96]. Even if this effect is small, this

polymorphism has been associated with activation changes in the striatum and other brain

regions [32, 81, 29, 5], and varies with the clinical expression of ADHD [61]. Moreover,

different genetic variants can combine to produce haplotypes such as the association of

the 10-repeat allele with the 6-repeat allele of a VNTR located in intron 8 [37, 43], or

be modulated by epigenetic factors [94, 60, 107] that could affect DAT function. DAT

function can thus be described in a continuum and modifying DAT reuptake appears to be a

credible mechanism for shifting the phasic/tonic ratio of dopamine release in Grace’s model.

However, other ways are possible, such as changing the properties of the autoreceptors, or

combining both.

Comparison of simulated with clinically observed reaction times

Clinically, subjects with ADHD consistently show a typical response pattern on a variety

of tasks. They generally make more errors than controls and their reaction times are

paradoxically both faster and slower, and more variable overall, as compared with healthy

controls [52, 55]. This variability is primarily due to an excess of slow responses that can

be detected by the τ component of an ex-Gaussian distribution [59]. This τ parameter best

discriminates ADHD subjects [62] from controls and appears to be a reliable endophenotype,

as unaffected siblings showed intermediate values between ADHD subjects and healthy

controls [64]. In the present simulations, the group with dopamine imbalance also showed

more variable reaction times, including an excess of very slow responses, as compared with

the control group. Specifically, the µ parameter was smaller, reflecting impulsive responses,

but the τ was much larger, due to a greater proportion of very slow responses, with a

decrease of the σ parameter overall, which reflects the Gaussian variance. Thus, shifting
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the phasic/tonic dopamine ratio reproduced a response pattern typically seen in ADHD

subjects, whereas a model incorporating only a decrease in both phasic and tonic dopamine

release did not [36]. We observed this response pattern in a simple reinforcement learning

task while it has been observed in a wide variety of experimental tasks with ADHD subjects.

Future studies will need to test whether this response pattern generalizes to other tasks,

but it is a possibility insofar as any experimental task has a learning component. Indeed,

data are typically collected after participants have reached a performance threshold during

a training phase.

Comparison of the simulated response in the dopamine imbalance group and

the clinical response of ADHD patients

The change in reaction time distribution, although most typical of ADHD, is not the only

difference we observed. The subjects with a dopamine imbalance also showed a lower and

more variable success rate on average. Within the signal detection theory [90], the sensory

discrimination ability is termed d’. In our simulation, the test phase used a force choice task

in which d’ is the percentage of successes [90]. The control group obtained perfect results,

but the success rate was decreased by 22% in the dopamine imbalance group. Subjects with

ADHD also showed decreased d’ in a meta-analysis of continuous performance test (CPT)

performance [55]. Furthermore, we tested the effect of noise, matching each individual in

the dopamine imbalance group with one individual in the control group for the seed of noise.

In both groups, the success rate degraded and became more variable with increasing noise,

but the dopamine imbalance group was more sensitive and showed a drop in success and a

large variability for low noise levels that did not affect the performance of control subjects.

Similarly, children with ADHD have been shown to have lower auditory discrimination ability

than controls in the presence of background noise [93].

Neural gain description In order to further characterize the response pattern to

stimuli of varying intensity we computed the neural gain between the input and the output

of the system. A strong gain is associated with a stable attractor [50] in which the system
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quickly converges to a stable activity pattern since it is less susceptible to noise. In contrast,

a weak gain is characterized by variable attractors that can lead to different unstable and

shallow activity patterns. In the present simulation, for stimulus-related input values that

always produced a stable response in controls (≥ 0.7), response-related output activity was

much more variable in the group with dopamine imbalance. In this group, the more random

responses reflected a more exploratory approach where different responses could be produced

even for high stimulus-related inputs in the cortex. In experimental situations, subjects with

ADHD demonstrated the same type of exploratory approach. In a probabilistic reversal

learning task [51], ADHD subjects did not choose their response strictly on the basis of

their belief in the value of the stimulus, but more often took an exploratory approach.

When the neural gain was estimated by a sigmoidal function, this exploratory approach also

resulted in a less steep decision function. The phasic response may reinforce the response

to low-intensity sensory events, which could lead to a more prolonged phase of discovery of

new actions in a learning situation [75].

Learning history to differentiate the individuals

But the most significant result of the simulation, consistent with our original hypothesis,

is that while all at-risk subjects had the same dopamine release imbalance, the ADHD

response pattern developed to different degrees depending on the individual learning

experience. On average, during this probabilistic learning task with 100% valid feedback,

subjects in the dopaminergic imbalance group required more learning trials than controls

to reach a success criterion. Again, this replicates a result obtained with ADHD children

[65]. However, the sequence of stimuli was random with a unique seed of noise for each

individual within a group, which ultimately resulted in a unique learning environment

for each individual within each group. This unique environment was shared with the

matched individual in the other group. When we examined separately for each individual

the cumulative changes in synaptic weights between cortex and basal ganglia over the

course of learning, we found that individuals in the control group showed a similar history
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regardless of response. In contrast, in the dopamine imbalance group, individuals showed a

larger increase in synaptic weight for one or more actions, with onset at different times in

the first half of the training phase. As a consequence, the intraindividual differences were

much larger in the dopamine imbalance group than in the control group. We computed the

weighted standard deviation of the cumulative sum of history to estimate the intraindividual

differences during learning. In the control group, using a linear model, we could explain

67% of the variability of individual reaction times during the test phase with the weighted

cumulative sum of history. In the control group, however, we had to use a quadratic model

to explain the variability between these two measures. Three subgroups of individuals could

be distinguished in the dopamine imbalance group (Figure 40). Within a similar range of

weighted history variability as the controls, individuals in this subgroup a showed the same

perfect performance as the controls. However, the initial slope of the parabola was much

steeper than in controls, reflecting the excessive reinforcement for some responses, and the

variability of their reaction time was much higher than in controls, but still lower than

in the rest of the dopamine imbalance group. This combination of perfect accuracy but

high variability in response could define a subthreshold ADHD subgroup, where features

of ADHD are already present but do not affect overt accuracy. Closer to the vertex of the

parabola, we distinguish a second subgroup b of individuals with weighted history variability

larger than the controls (with some negative cumulative weights), and whose accuracy was

impaired though not dramatically. The distribution of reaction times contained both fast

and very slow responses. Their performance most closely resembled that observed in most

of the subjects diagnosed with ADHD as their functioning is clearly impaired. Individuals

with extreme weighted history variability (with mostly negative cumulative weights) were

hardly learned the stimulus-response association and their performance was even poorer.

Their reaction time distribution looked more gaussian with a large variability and very

slow mean reaction time. Individuals in this subgroup c could be compared to subjects

with a severe ADHD leading to a learning disability. In conclusion, variability in response

history is much greater in subjects with dopamine imbalance, although they were exposed
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on average to the same learning environment as controls. Intraindividual variability in

response times is related to intraindividual variability in experience with the learning

environment. It increases when certain responses are reinforced at the expense of other

responses during learning, making response selection more difficult in a test phase. But this

variability in experience, and therefore also in response times, is much more pronounced in

subjects with an imbalance in dopamine release. For subjects in subgroups a and b, the

increase in response time variability as a function of weighted learning history variability is

approximately linear, but the slope is much steeper than for controls. In these subjects, the

increase in phasic dopamine release at the expense of tonic release can excessively strengthen

or weaken cortico-striatal synapses associated with different responses and strengthen some

responses at the expense of others. These imbalances lead first to an increase in response

time variability with a mixture of fast and slow responses, and as these imbalances increase

during learning to a decrease in performance in the test phase. In contrast, healthy controls

show little variation in the history vector during learning. Consequently, they exhibited a

small normal variation in reaction time that was also predicted by the weighted variability

of the history with a linear function, but with a smaller slope that reflects a more balanced

reinforcement of responses. To the extent that functional connectivity between the striatum

and cortex reflects changes in their synaptic connections, our model is consistent with the

observed correlation between inattention and hyperactivity/impulsivity scores in networks

involving the striatum [71]. As these changes are marked by the strengthening of some

connections at the expense of others, this also explains the contradictory results in studies

comparing an ADHD group with a control group that report either hypoconnectivity

[18, 73] or hyperconnectivity [92, 19] within the cortico-striato-thalamo-cortical loops in

ADHD.

Comparison with published work

This qualitative agreement we observed between simulations and experimental findings is

remarkable because it is achieved by altering a single parameter of dopaminergic terminal
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functioning, which results in phasic-tonic imbalance in dopamine release. Frank’s model

[36], which implemented a reduction in both phasic and tonic dopamine levels, needed to

incorporate a noradrenergic component with an increased tonic vs. phasic ratio in order to

mimic the increase in reaction time variability observed in ADHD subjects.These authors

did not further analyze the distribution of reaction time as a function of noradrenaline

release imbalance, so we do not know whether this model reproduces the typical ex-gaussian

distribution that we found. Obviously, our results do not rule out noradrenergic dysfunction

in ADHD. There is strong evidence of it. Drugs modulating norepinephrine transmission

by blocking the NET such as atomoxetine [86] or the alpha2-adrenergic agonists such as

clonidine or guanfacine [2] are effective treatments for ADHD. Methylphenidate significantly

occupies NET at clinically relevant doses in humans [49] and atomoxetine showed a dose-

dependent occupancy of NET in monkeys [24]. NET availability was decreased in a group of

adult ADHD subjects in attention-relevant regions (frontal, parietal, thalamic, cerebellar),

especially in the right hemisphere [97]. The shift from exploitation to exploration behavior

has been proposed to be mediated by the firing mode of norepinephrine neurons in the locus

coeruleus [4]. However, the results of our model suggest that norepinephrine is not necessary

to reproduce the typical ADHD response pattern observed in experimental reaction time

tasks, which may be accounted for by a phasic/tonic imbalance in dopaminergic activity

alone. This reinforces the concept of ADHD as a heterogeneous disorder, in which the same

response patterns may be produced by different dysfunctions, whether or not interacting.

Limitations

The present model has limitations. Some parameters in the model might not be identifiable

and the exact value of some others is not known. The values assigned to parameters is the

same for all the subjects within each group and does not reflect the interindividual variability

found in control and clinical groups, but support the proof-of-concept approach. The task

we used does not require inhibitory processes, which will have to be tested in further studies.

Also, in further studies the dysfunctions in the noradrenergic system should also be included
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to better simulate the pathophysiology of ADHD. Nevertheless, our model is a first step to in-

vestigate the implication of the dopaminergic system in ADHD with a mechanistic approach.

Conclusion

To conclude, our model opens perspectives to be used as a platform to generate and test

hypothesis regarding the dopaminergic system in ADHD. The effect of medication on perfor-

mance, the impact of different patterns of noise, the difference in commission and omission

errors and the continuum in the severity of ADHD symptoms could be explored with this

model. The model could also be used to simulate a no-response task where the patient is

asked to withhold the response when a certain stimulus is sent like in the go/no-go task

performed in clinical practice. This modeling approach is a promising step towards the

development of an integrative model of the dopaminergic system in basal ganglia for the

elucidation of its associated pathologies.
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Cet article est en préparation.

Le méthylphénidate est fréquemment utilisé pour réduire les symptômes du TDAH. Pour-

tant, jusqu’à 30% des patients n’y répondent pas et les causes sont mal connues. L’ojectif

de ce dernier chapitre est d’évaluer les différentes réponses au méthylphénidate engendrées

par l’inhibition de la recapture de la dopamine durant l’apprentissage par renforcement dans

les ganglions de la base. Pour ce faire, un modèle pharmacocinétique du méthylphénidate

est intégré au modèle des ganglions de la base présenté au Chapitre 4 de la présente thèse.

Une cohorte de patients virtuels présentant des symptômes typiques du TDAH est créée et

leurs réponses au méthylphénidate à travers différents schémas d’apprentissage par renforce-

ment sont analysées. Une métrique précédemment développée est utilisée pour différencier

les répondants des non-répondants et met en évidence l’implication potentielle d’un appren-

tissage excessif de certaines réponses chez les non-répondants.



Abstract. Methylphenidate (MPH) is widely used to reduce the symptoms of hyper-

activity, inattention and impulsivity in attention-deficit hyperactivity disorder (ADHD).

However, up to 30% of patients are considered non-responders because they do not have

beneficial effects or have adverse effects with MPH. MPH acts by blocking the recapture

of noradrenaline and dopamine, which is involved in reinforcement learning. This study

aims to investigate the effect of dopamine recapture inhibition by MPH on reinforcement

learning in the dopaminergic system of basal ganglia on the different responses to MPH

using mechanistic modeling. To this aim, we combined a pharmacokinetic model of MPH

with a brain compartment to a previously developed model of the dopaminergic system of

basal ganglia. A cohort of 30 virtual patients with ADHD-like symptoms were created and

their responses to MPH during a choice reaction task with different reinforcement learning

patterns were analyzed. A metric was developed to differentiate the responders from the

non-responders, highlighting the excessive learning of some responses among non-responders.

The dose response relationship was also simulated.

Keywords: ADHD, methylphenidate, responders, mechanistic modeling, reinforcement

learning

1. Introduction

Stimulant medications (methylphenidate - MPH, salt of amphetamines) are the first-line

pharmacological treatment for attention deficit hyperactivity disorder (ADHD). ADHD is

a complex neurodevelopmental disorder characterized by pervasive inattention, impulsivity,

and restlessness that is inconsistent with the patient’s age [3]. MPH inhibits both dopamine

(DA) and norepinephrine (NE) reuptake by blocking their respective transporters (DAT

and NET), thereby increasing the availability of DA and NE at the synaptic level. Positron

emission tomography (PET) studies in humans have shown that MPH bound to DAT in basal

ganglia (ED50 = 0.25 mg/kg) [58] but also to NET (ED50 = 0.14 mg/kg) [28], especially

in the thalamus, with a higher affinity than for DAT. In the basal ganglia, MPH increases

synaptic dopamine by blocking DAT. However, in the prefrontal cortex, where NET mediates

both DA and NE reuptake, MPH increases synaptic availability of both DA and NE [7]. It
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is therefore unclear whether the effects of MPH are primarily related to its binding to DAT,

NET, or both.

Determining whether the mechanisms of action of MPH is primarily dopaminergic, no-

radrenergic or mixed is of therapeutic importance because ADHD is a complex disorder for

which imbalances in both NE and DA firing patterns have been proposed. The question

is also relevant in a therapeutic perspective as about 20-30% of ADHD patients show poor

response to MPH [24]. Alternative medications more specific to the NE system can then be

proposed, such as alpha-2 adrenergic agonists (clonidine, guanfacine) or selective NE reup-

take inhibitors (atomoxetine). Predictors of the response to MPH could give insights about

the system involved in the therapeutic effect.

Over the past decade, pharmacogenetic studies have most often taken a candidate gene

approach to test whether the genetic variants that influence response to MPH are more

relevant to the dopaminergic or noradrenergic system. However, they have not yielded

consistent results [18]. A recent meta-analysis concluded a small but significant impact on

MPH efficacy of genetic variants affecting the dopaminergic system (dopamine transporter),

dopamine (D4 receptor), but also the NE system (adrenergic receptor(α2A), NET), or both

systems (catechol-O-methyltransferase).

Another line of research was to determine whether certain brain structures more related

to the DA or NE system could predict the response to MPH. Patients who respond poorly to

MPH have reduced striatal volume [37] and increased fronto-striatal connectivity [30], com-

pared with good responders. Long-term treatment was also associated with normalization of

gray matter volume in the right caudate nucleus [38]. These observations are consistent with

the normalizing effect of a single dose of MPH on basal ganglia activity and their functional

connectivity with the frontal cortex and cerebellum [45, 46]. These studies suggest that DA

plays a key role in MPH therapeutic effect, as it is the most abundant neuromodulator in

the basal ganglia (striatum and caudate nuclei).

However, the question of the preferential mode of action of MPH remains elusive, espe-

cially because of the heterogeneity of the patients themselves who may associate to varying
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degrees abnormalities in both systems that are functionally linked. We have therefore turned

to computational models where it is possible to model one component only and test whether

this particular component can reproduce the effects of treatment as observed in the clinic.

The objective of the present study is therefore to investigate therapeutic responses to

MPH and identify potential indicators that differentiate responders through mathematical

mechanistic modeling of basal ganglia’s dopaminergic system. We here adapt to the context

of ADHD and MPH a basal ganglia model that we previously developed for the study

of Parkinson’s disease and levodopa [60]. We use this model to simulate the therapeutic

response to MPH while a learning pattern is applied to virtual individuals with ADHD-like

characteristics having a tonic and phasic dopamine imbalance. Although both noradrenaline

and dopamine are involved in ADHD, only the latter neurotransmitter is modeled in this

study.

Our previously developed model of ADHD is characterized by a DA release imbalance

(increased phasic and decreased tonic release) in the basal ganglia [59]. Lower tonic activity,

in addition to its own sustained effect, increases the phasic reward prediction error (DA

phasic increase) through DA binding with autoreceptors [1]. By modeling one component

of ADHD (DA in basal ganglia) and using a task (reinforcement learning) which is known

to engage the DA striatal-cortical loop [21], we tested the effects of a DA release imbalance.

In this paper, we test the normalizing effect of MPH. We showed that virtual subjects

with DA imbalance exhibited a distinct ADHD trait: an increased variability in response

times that was produced by a mixture of fast and slow responses, which ultimately impaired

performance. Furthermore, we showed that the proportion of slow and fast responses, as

well as the degraded performance, depended on individual learning histories in which some

responses are reinforced to the expense of other responses.

Using this model, in the present study, we simulated the therapeutic response to MPH

and specifically tested the effect of the stimulant on the DA system in the basal ganglia.

Specifically, we addressed three research questions about MPH responders: (1) Can increased

variability and decreased accuracy in response be improved by modeling the effect of MPH
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on DAT reuptake once this ADHD trait has developed during learning in subjects with

DA release imbalance? (2) Is the proportion of responders vs. non-responders a function

not only of their response variability but also of their learning history? (3) Given that in

Grace’s model, both tonic and phasic components of DA release are affected [1], what are

the most critical components to consider in distinguishing responders from non-responders?

In the present model, responders are defined as those whose performance increases with

methylphenidate as in [11].

The model and parameters estimation are first introduced in the Methods Section. Next,

therapeutic response to MPH with different learning patterns are analyzed in the Results

Section, where a metric differentiating responders from non-responders is also introduced,

along with the dose-response relationship.

2. Methods

The mechanistic model of basal ganglia’s dopaminergic system used here consists of three

parts. The first part is a pharmacokinetic model of MPH immediate release, where a brain

compartment is included. The MPH brain concentration modifies the recapture of dopamine

described in the second part of the model. Indeed, the second part is the dopamine dynamic

model, describing the release, recapture, affected by the MPH concentration in the brain

compartment, and elimination of dopamine. Dopamine concentration then modifies the neu-

ronal activity in the basal ganglia model. Finally, the third part is the neurocomputational

model of basal ganglia relating neuronal activity with dopamine. The three parts of the

model are represented in Figure 41.

In addition to this model, the following section describes the creation of a cohort of

30 virtual individuals with tonic and phasic dopamine imbalance, presenting ADHD-like

symptoms (as described in [59]), as well as the procedure used to account for reinforcement

learning.
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Effect of tonic and phasic
dopamine on learning
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Figure 41. Representation of the three parts of the model and their relation.

2.1. Pharmacokinetic model of MPH with brain compartment

MPH is a first-choice stimulant treatment to alleviate ADHD symptoms. MPH is avail-

able in different formulations, including immediate and extended release. MPH can cross

the blood-brain barrier and works primarily by blocking dopamine and noradrenaline trans-

porters, respectively DATs and NETs [12]. In this work, we consider the immediate release

MPH and its effect on blocking DATs.

This pharmacokinetic (PK) model of oral MPH, depicted in Figure 42, was adapted from

a population PK model of MPH immediate release developed with data of 44 males [8]. It

is a one compartment model with first order absorption and elimination. A compartment

was added to account for the kinetics of MPH in the brain since we wanted to model MPH

effect on blocking DATs in the basal ganglia.

Depot 

compartment
Central 

compartmentKa

CL/F

Brain
Kcb

Keb

Figure 42. Representation of the PK model of MPH.

As a first approximation, the variability of the PK parameters was omitted, and only the

typical values were used here. The inter and intra-individual variabilities should be added

in future studies.
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The equations of the PK model are the following:

dAdepot
dt

= −KaAdepot, (2.1)

dAcentral
dt

= KaAdepot −
(
CL/F

V/F
+Kcb

)
Acentral, (2.2)

CMPHplasma
= Acentral

V/F
, (2.3)

where Adepot and Acentral are respectively the quantity of MPH in the depot and central

compartments. The parameters Kcb, Keb representing the transfer rate from the central to

the brain compartment, and the elimination rate from the brain compartment, respectively,

are added to the initial PK model by Bonnefois et al. [8]. In order to reproduce the results

described in [8] for plasma kinetics, the term
(
CL/F

V/F
+Kcb

)
is fixed as the typical value

of CL/F
V/F

in [8], with Kcb estimated from data as described in the following sections. Given

Ke = CL/F

V/F
+Kcb, the explicit expression for Acentral is Acentral = DoseKa

Ka −Ke

(e−Ket− e−Kat).

The brain compartment kinetics is decribed by the following equations:

dAbrain
dt

= KcbAcentral −KebAbrain, (2.4)

CMPHbrain
= Abrain
Vbrain

, (2.5)

where Abrain and CMPHbrain
are respectively the quantity and the concentration of MPH

in the brain compartment.

2.2. Dopamine dynamics model

The blocking effect of MPH on DATs decreases dopamine recapture, resulting in an

increase in its concentration in the synaptic cleft.
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The dopamine dynamic model described in [59] was adapted here to integrate the block-

ing of DATs by MPH. The equations of the dopamine dynamic model are the following:

dCDA(t)
dt︸ ︷︷ ︸

Dopamine concentration

= (I tonicDA + IphasicDA (t))︸ ︷︷ ︸
Dopamine Release

− VmaxCDA(t)
(kmDA(t) + CDA(t))︸ ︷︷ ︸

Recapture by DATs

− kremCDA(t)︸ ︷︷ ︸
Removal

, (2.6)

dAR(t)
dt︸ ︷︷ ︸

Autoreceptor occupancy

= CDA(t)kon(1− AR(t))︸ ︷︷ ︸
Binding to autoreceptors

− koffAR(t)︸ ︷︷ ︸
Unbinding to autoreceptors

, (2.7)

where CDA is the concentration of dopamine in µmol/L, and AR represents the au-

toreceptors occupancy [16, 17, 15, 20]. Tonic and phasic dopamine denote the sustained

concentrations and the burst release, respectively, with the latter being related to rewards

in learning [48, 62].

The tonic dopamine release rate is given by:

I tonicDA = ρ
P tonic
r n0

αvfNA

υtonic, (2.8)

The description and values of all parameters are given in Table 5.

Autoreceptors have a regulatory effect on dopamine concentrations and can modulate

firing rate, synthesis, and release [5, 6]. In accordance with Grace’s model [22, 23], a

decrease of tonic dopamine will decrease autoreceptor occupancy, which in turn will increase

phasic dopamine release in the model herein developed. The phasic release term at time t

(IphasicDA (t)) depends on the presence of rewards or punishments during the learning task as

follows:

— when there is no response yet, and no prediction error signal:

IphasicDA (t) = 0, (2.9)
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— when there is a reward at time treward:

IphasicDA (t) = ρ

(
P phasic
r · 0.334

AR(t)

)
n0|reward|

αvfNA

(
υphasic ·

0.334
AR(t)

)
, (2.10)

for treward + 0.1 ≤ t ≤ treward + 0.15, (2.11)

— when there is a punishment at time tpunishment:

CDA(t) = 0, (2.12)

for tpunishment + 0.1 ≤ t ≤ tpunishment + 0.15. (2.13)

The blocking of DATs is modeled as a binding competition between dopamine and MPH.

With MPH intake, the dissociation constant for the recapture by DATs (km in equation 2.14)

becomes the apparent dissociation constant with MPH, noted kmDA
(t) [32], which depends

on MPH concentration in the brain and is the following function:

kmDA
(t) = km + km

0.21 · CMPHbrain
(t), (2.14)

where km is the dissociation constant for dopamine and DATs without MPH, and

CMPHbrain
is the concentration of MPH in the brain compartment. As CMPHbrain

increases,

kmDA
will increase, therefore recapture will decrease and the concentration of dopamine in

the synaptic cleft will increase. The same type of equation was used in [20].

Finally, dopamine will bind to dopaminergic receptors, herein D1 and D2. Receptors

occupancy is used as the postsynaptic effect of dopamine on the neurons in the neurocompu-

tational model of basal ganglia [29]. The occupancy with time of receptors of type i ∈ {1,2}

is given by the following equation:

Di(t) = BDi
maxCDA(t)

kDi
D + CDA(t)

, (2.15)

where CDA is the concentration of dopamine. The dopamine dynamic model is described

in more details in [59].
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2.3. Estimation of parameters

The PK parameters were directly set as the typical values described in [8]. The two

added parameters related to the brain compartment, Kcb and Keb, were estimated by fitting

data of dopamine concentrations as described below. The dopamine model parameters were

taken from the literature.

An optimisation algorithm implemented in Matlab was used to estimate parameters Kcb

and Keb by minimizing the distance between simulations of the model and experimental data

of dopamine levels, with the intake of MPH collected on squirrel monkeys, [13]. Comparison

of the squirrel monkeys data with the model simulations using the estimated parameters

values is shown in Figure 43.
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Figure 43. Comparison of increase in dopamine levels in squirrel monkeys [13] with a
simulation of the model with the estimated value of parameters Kcb and Keb.

Only the maximum concentration in dopamine is used in the current work, which simu-

lated value is in adequate agreement with the data. The remaining curve features are not

well reproduced, probably owing to the lack of data for this elimination part [13].

The estimated Kcb value is higher than that of CL/F
V/F

, as observed in Table 4, which is

in line with the literature since a significant amount of MPH crosses the blood brain barrier

[9, 61].

Once Kcb and Keb were estimated, simulations were performed to compare the model

response with available data. Using our model, the DATs occupancy can be simulated with
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the following equations:

DATSoccupancyMPH = CMPHbrain
(t)

CMPHbrain
(t) + kmMP H

(t) , (2.16)

kmMP H
(t) = 0.21 + 0.21

0.15 · Cdop(t), (2.17)

where, DATSoccupancyMPH is the occupancy of DATs by MPH, CMPHbrain
is the MPH

concentration in the brain compartment and kmMP H
is the apparent dissociation constant

of MPH with DATs. DATs occupancy data were taken and combined from different sources

[51, 52, 53, 58, 57]. The comparison of model simulated DATs occupancy with data is

shown in Figure 44.

Simulations
Data

MPH plasma concentration (ng/mL)
0 10 20 30 40 50 60

0

10

20

30

40

50

60

70

80

90

D
A
Ts

 o
cc

u
p
an

cy
 (

%
)

Figure 44. Comparison of DATs occupancy simulated with the model with data taken from
literature [51, 52, 53, 58, 57].

Although the values of Kcb and Keb were not estimated with the DATs occupancy data,

the obtained model simulations are in line with these data.

Finally, the model simulation was compared to data of MPH brain concentration [54],

as shown in Figure 45.

Again, model predictions of a variable which was not used for parameters estimation are

close enough to the data.

Tables 4 and 5 report the pharmacokinetics and dopamine models’ parameters value and

descriptions.
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Figure 45. Percentage increase from baseline in brain MPH concentration: data [54] versus
model simulations.

Parameters Description Value Reference
CL/L Apparent clearance 9.0920×10−4

L/h
[8]

V/F Apparent volume of distribution 949 L [8]
Ka Absorption rate constant 1.72 h−1 [8]
Kcb Distribution rate constant from

central to brain compartment
0.2676 h−1 Estimated

Keb Elimination rate constant from
the brain compartment

281 h−1 Estimated

Vbrain Volume of the brain 0.1096 L Estimated
Table 4. Parameter values of the MPH Pharmacokinetics model including the brain com-
partment.

2.4. Neurocomputational model of BG

To simulate the responses to a choice reaction tasks, a neurocomputational model adapted

from [4, 59] is used. In this model, the neuronal activity in the cortex, the thalamus and

in each nucleus of basal ganglia (striatum, globus pallidus intern and extern, subthalamic

nucleus) is described. All sub-regions are connected through three neurotransmission path-

ways: direct, indirect and hyperdirect. The direct pathway promotes the movement, the

indirect inhibits it and the hyperdirect pathway suppresses erroneous movements. The oc-

cupancy of the dopaminergic receptors D1 and D2 as described by equation 2.15 will modify

the neuronal activity of the striatum (Go and NoGo) and that of cholinergic interneurons
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Parameters Description Value Reference
Vmax Maximal reuptake rate by

DATs
1.8 µM/Ls [20, 36, 39, 49]

km apparent Michaelis–Menten
constant

0.15 µM/L [20, 31, 34, 36]

krem Removal rate 0.04 s−1 [17]
kon On-rate for DA binding to

presynaptic autoreceptors
10 µM−1s−1 [17]

koff Off-rate for DA binding to
presynaptic autoreceptors

0.4 s−1 [17]

ρ Density of dopamine terminals
in striatum

0.025 · 1015 termi-
nals/L

adapted

αvf Volume fraction of extracellu-
lar space

0.21 [55]

n0 Number of dopamine
molecules released during
vesicle fusion

3000
molecules/terminal

[15, 42]

NA Avogadros constant 6.02214076 · 1023

M−1

P phasic
r Vesicle release probability 0.06 [17]
P tonic
r Vesicle release probability 0.06 [17]
υtonic Average tonic firing rate 4 s−1 [19]
υphasic Average phasic firing rate 40 s−1 [19]
BD1
max D1 receptor maximal density 1.6 µM/L [33]

kD1
D D1 receptor dissociation con-

stant
1 µM/L [44]

BD2
max D2 receptor maximal density 0.08 µM/L [33]

kD2
D D2 receptor dissociation con-

stant
0.01 µM/L [44]

Table 5. Parameter values of the dopamine dynamic model.

(ChI). The subregions are divided into 4 action channels in order to simulate the response

of the basal ganglia to 4 different stimuli.

A representation of the neurocomputational model of basal ganglia is given in Figure 46.

The neuronal activity in each action channel is described by an ordinary differential

equation, simulating neuronal dynamics, and a sigmoidal relationship that mimics the typical

non-linear lower threshold and upper saturation behavior of neurons. In the equations of

neuronal activity, the input is the weighted sum of the projecting neurons activities. The

synaptic weight matrices wij shown in Figure 46 correspond to the weights of the connections
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Figure 46. Representation of the neurocomputational model of BG with the three neuro-
transmission pathways.

between regions j and i. More details of the neurocomputational model of BG are given in

[59].

2.5. Learning procedure

As in our previous paper [59], a reinforcement learning process was included in the model

because it is thought to be involved in ADHD [2, 47, 56].

In the learning procedure, the relation between the stimuli and the response is learned

through modification of some synaptic weight matrices. Most studies converge towards an

implication of the striatum in the response to MPH. Therefore, only the synaptic weight

matrices related to striatum, wGS, wNS, wGC , wNC were modified with the learning process;
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all other weight matrices remained constant. The modification of the weight matrices is

dictated by the Hebb rule, stating that two neurons having both high neuronal activity will

strengthen their connection, and weaken if they have opposite activity.

A cohort of 30 virtual patients were trained with the Hebb rule, in two training phases,

without and with MPH, as described below:

First phase of training without MPH:

(1) The virtual individuals are trained as described in [59]. Compared to control subjects,

the individuals with ADHD-like symptoms have lower tonic dopamine and higher pha-

sic dopamine levels. We hypothesized that this dopamine imbalance may be impor-

tant in the onset of ADHD symptoms. This phase yields 30 individuals with differing

synaptic weights, but identical physiological parameters and therefore tonic/phasic

dopamine ratio [59].

Second phase of training with MPH:

(1) For each dose of MPH, the plasma MPH, brain MPH and dopamine concentrations

are simulated. The ratio of tonic and phasic dopamine at peak plasma concentration

is simulated with the model and is used as the new ratio in the second training phase.

(2) The patients receive a series of stimulus. Each entry in the stimulus vector is either 1

or 0, with the addition of noise. The expected (correct) response is an action in the

same channel as the stimulus. All other responses are considered as incorrect.

The Hebb rule is described in [59].

In order to evaluate the effect of the rewards and punishments in training with medication,

four scenarios of learning were tested and described in Table 6.

3. Results

The effect of different doses of MPH immediate release with four scenarios of reinforce-

ment learning are simulated. The different responses, a measure to differentiate responders

from non-responders, and the dose-response relationship are presented below.
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Scenario A B C D
Description -No reward

-No punishment
-No modifica-
tion of synaptic
weights
-Only tonic
dopamine is
considered

-Rewards
-Punishments
-Modification of
synaptic weights
-Tonic and pha-
sic dopamine
considered

- No reward
-Punishments
-Modification of
synaptic weights
-Tonic and pha-
sic dopamine
considered

-Rewards
-No punishment
-Modification of
synaptic weights
-Tonic and pha-
sic dopamine
considered

Table 6. Description of the four learning scenarios

3.1. Comparison of scenarios

The 30 virtual patients were trained when medicated with MPH and using different

scenarios for the learning procedure in order to compare their performances. In each scenario,

the patients had to perform a choice reaction task. In this task, a series of 100 stimuli are

presented to the patients through a signal S to the cortex. Each stimulus is associated with

one action channel. When the patient responds to a stimulus is in the same action channel

as the targeted stimulus, it is considered a correct response, otherwise it is considered as a

mistake. Therefore, for each patient, it is possible to calculate the number of correct answers

out of 100. Each patient performed the task before and while taking MPH. The virtual

patients whose number of correct answers increased with MPH are considered responders,

otherwise they are considered non-responders.

For each scenario and each dose, either 5mg or 10mg, the number of responders is com-

puted. As an example, the number of correct responses out of 100 with 10 mg of MPH as a

function of the performance without MPH in Scenario C is shown in Figure 47.

In Figure 47, individuals below and above the line represent respectively non-responders

and responders. Some individuals, shown in green, had a perfect performance even before

taking the medication.

For each responder, the difference in the number of correct responses with and without

MPH is calculated as an indicator of the effect of MPH. The mean increase in performance

of the responders was then computed to compare the impact of scenarios and doses. The

results are presented in Table 7.
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Figure 47. Performance (number of correct responses out of 100) with 10 mg MPH as a
function of the performance without MPH in Scenario C.

Results Dose: 5 mg Dose: 10 mg
A B C D A B C D

Number of responders 9 6 11 5 10 9 12 8
Mean increase in perfor-
mance of responders

6 3.5 5.9 3.6 9.7 4.2 6.4 4.6

Table 7. Number of responders and their increase in performance for the different scenarios
and doses

As observed in Table 7, the number of responders is higher in scenarios A and C, regardless

of the dose administred. Since only the increase in tonic dopamine is present for scenario

A, its effectiveness could mean that a significant part of the short term MPH’s effect in this

model is due to the increase in tonic dopamine.

In scenario C, only punishments are considered in the learning procedure. Since scenario

C is one of the most performing ones, it could be interpreted that too much erroneous

stimulus-response learning had occurred in the learning of patients without medication.

Therefore the learning with MPH in Scenario C allows to correct these previously acquired

wrong connections between stimulus and response.

Scenarios B and D do not stand out as better learning scenarios and both consider rewards

in their learning procedure. This is in alignment with the assumption that too many rewards

had occured in the training of these patients without medication, because the learning with

more rewards cannot properly correct the wrong connections acquired previously.
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In each scenario, the number of responders increase with dose. This could be interpreted

by the fact that some patients do not respond to a 5 mg dose, but they do respond to a 10

mg dose.

As expected, the mean increase in performance in each scenario is higher with 10mg than

with 5mg. The dose response curve will be described in more details in Section 3.3.

From this model, it can be concluded that scenarios A and C are the two best scenar-

ios regarding the number of responders and the increase in performance. Increased tonic

dopamine has an important impact on enhancing performance of MPH medicated patients.

Also, punishments are more effective in improving patient’s performance, probably due to

the fact that these patients received too many rewards in the previous learning procedure

without medication. Therefore the punishments can correct the previously acquired wrong

connections.

3.2. Responders and non-responders

As shown in Table 7, the maximum percentage of responders in the four scenarios is

12/30, i.e. 40%. However, ten virtual patients had a perfect performance before taking

medication, hence would not have needed to take MPH. Out of the patients without a perfect

performance, 12/20, i.e. 60%, are responders, thus a bit lower than the 70% responders

clinically observed [43, 50]. However, the objective of the present study was not to reproduce

the settings of clinical studies but rather to investigate the differences between responders and

non-responders. In this model, all the virtual patients have the same value of physiological

parameters. Only the seed of the noise added to the stimulus used to create the patients is

different. In order to create more realistic clinical settings, more inter-individual variability

should be added.

In a previous paper [59], we developed a metric that was able to differentiate three sub-

groups of patients. As mentionned, these groups were trained without medication, assuming

an imbalance in their tonic and phasic dopamine. In this learning process, the patients

started in a naive setting, meaning that there were no differentiation between the action
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channels in the synaptic weights of the striatum. A series of stimuli were sent to the patients

for a total of 1000 epochs. At each epoch, a stimulus of value 1 was sent in the targeted action

channel, while another stimulus of value 0.2 was sent in a different action channel; noise was

sent in the two others. When the patient’s response occured in the targeted action channel,

he received a big reward and therefore a burst of phasic dopamine. When the patient’s

response was in the action channel associated with the stimulus of value 0.2, he received a

small reward and a smaller burst of phasic dopamine. The patient received a punishment

when the response was in the two other action channels. The synaptic weights were modified

according to the Hebb rule as a consequence of these rewards and punishments.

The same procedure is used here to train the 30 patients without medication. The history

of rewards and punishments is stored in a vector, with the entry at each epoch being set

to 1 for a big reward, 0.1 for a small reward, -1 for a punishment, and 0 for an absence

of response. The patients with dopamine imbalance had an uneven learning in the action

channels, meaning that the individuals received more rewards in some action channels than

others.

As is [59], the cumulative sum of history vector is computed to quantify the inter-

individual differences in learning and is expressed by the following equations:

stdhistory =

√∑1000
i=1

(∑4
j=1(cumsumactionj

(i)−mean(i))2
)

1000 , (3.1)

ratio = 1
1000

∑1000
i=1

∑4
j=1 #negative cumsumactionj

(i)∑1000
i=1

∑4
j=1 #positive cumsumactionj

(i) , (3.2)

weighted stdhistory = ratio · stdhistory, (3.3)

where i is the epoch number, j the action number, cumsumactionj
(i) the cumulative sum

of history vector for action j at epoch i and mean(i) is the the mean of cumulative history

at epoch i for all action channels. The standard deviation of the history vector (stdhistory)

computes the distance between the cumulative sum of history vector for each action channel,

and the mean cumulative history vector for all action channels. The standard deviation of
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history is weighted by a ratio in order to take into account the fact that the cumulative sum

of history can be either positive or negative. Indeed, when more punishments than rewards

occur during the learning process, the cumulative sum of history is negative. The ratio is

the number of epochs at which the cumulative sum of history is negative divided by the the

number of epochs at which the cumulative sum of history is positive, leading to a larger ratio

when the negative cumulative sum exceeds the positive one. Division by 1000 is for scaling.

This weighted standard deviation of history was used previously to divide the patients in

three subgroups and analyse their performance and reaction times. The subgroup a contained

the individuals who had a perfect performance on a choice reaction task despite the fact that

they had an imbalance in tonic and phasic dopamine. The subgroups b and c contained the

individuals who did not have a perfect performance on the task. The individuals in group b

had a few very slow reaction times and some faster. The distribution of the reaction times

of these individuals was closer to an exponential rather than normal one. The individuals

in subgroup c had an higher value of weighted standard deviation of history. Their mean

reaction time was also higher, because it was not driven by few very slow responses.

The weighted standard deviation of history (weighted stdhistory) is used here again to

classify the responders vs non-responders to MPH. Again, the individuals in group a are the

ones with a perfect performance on the choice reaction times. The responders are found to

be mostly in the subgroup b and the non-responders in subgroup c. In the present model,

responders are defined as those whose performance on the choice reaction task increases either

with 5 or 10 mg of methylphenidate as in [11]. As in [59], the weighted standard deviation of

history (weighted stdhistory) was plotted as a function of the standard deviation of reaction

times. Figure 48 shows the three subgroups with the responders and non-responders for all

four scenarios.

As shown in Figure 48, while the three subgroups are not completely differentiated, it

is still possible to identify characteristics of responders and non-responders to MPH. Indi-

viduals in subgroup a are non-responders by default because their performance is already

perfect and therefore cannot be increased. We hypothesize that individuals in subgroup c
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Figure 48. Standard deviation and weighted standard deviation of history for all 30 virtual
patients in the four learning scenarios.

are non-responders due to excessive learning in some action channels. Indeeed, in subgroup

c, the weighted stdhistory is higher than in subgroup b, due to either a higher ratio (which

would imply lower number of rewards or higher number of punishments during the learning

process), or a higher standard deviation of history (indicating excessive learning in some

action channels in comparison with the others).

This excessive learning in some action channels, resulting in punishments or fewer rewards

for the other channels, could probably lead to wrong connections between stimulus and

response. This excessive learning could not be corrected with medication. This hypothesis

is in line with the fact that scenarios A and C were shown in Section 3.1 to be better than

scenarios B and D at increasing the performance of medicated patients. Scenarios B and
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D both contained reward in their learning procedure. Since we hypothesized that excessive

learning in some action channels could impair the effect of MPH, it is consistent to obtain

that the scenarios involving more learning with rewards are not as efficient as the others.

3.3. Dose-response relationship

The effect of 5 and 10 mg doses was simulated with the present model. The dose-response

curves of responders for all four scenarios are shown in Figure 49, with each line representing

a responder patient. The performances with a 0 mg dose are the baseline performances

(without medication).
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Figure 49. Dose-response curves of the responders to methylphenidate in each scenarios.

As seen in Figure 49, the performance of most patients increases with increasing doses.

Some patients had a better performance with 5mg than with 10 mg. Not enough doses
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were simulated to describe the shape of the dose-response relationship (linear, sigmoïd, U-

shaped,...).

Figure 49 also highlights the presence of more responders in scenarios A and C. Patients

with lower baseline performance respond to MPH when trained in scenario C but do not

in the other ones. In scenario C, only punishments are used during the learning procedure,

which again might allow the patients with poorer performance to correct their previously

learned wrong stimulus-responses connections. Only rewards are considered in the learning

procedure of scenario D, which is the scenario with the least responders. Indeed, responders

to MPH in the scenario D are the ones with an already high baseline performance.

4. Discussion

MPH is one of the most common psychostimulant used to reduce the symptoms of ADHD.

However, up to 30% of the patients are non-responders to MPH which means that they are

either not experiencing benefits or have adverse effects [43, 50]. The exact mechanisms

underlying MPH response are not fully understood [10]. The aim of this study was therefore

to investigate the response of MPH from the perspective of the dopaminergic system of basal

ganglia with a mecanistic mathematical model.

A pharmacokinetic model of MPH immediate release with an added compartment for

the brain was joined to a previously developed model of the dopaminergic system of basal

ganglia. A cohort of 30 virtual patients with dopamine imbalance was created. These

virtual individuals were shown to have common caracteristics with ADHD patients [59]. The

developed model allowed to investigate the dose-response curve and the effect of different

scenarios of learning with medication on virtual patients. Non-responders to MPH were

differentiated from responders by excessive learning in some action channels.

By modeling the response to MPH, we observed that MPH was improving the perfor-

mance in the second phase of training. By defining a responder by an increase in correct

responses with MPH, we observed on average across all scenarios 7.75 responders with 5 mg
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of MPH, and 9.75 responders with 10 mg, hence an increase with dose of about 31%. In addi-

tion, the proportion of perfect performers, responders and non-responders, clearly depended

on their position in the plane defined by the variability of reaction time and the weighted

standard deviation of history. When we divided this plan into three sections, one type of

subject was predominant in each (see Figure 48). Considering only the scenario A (tonic

DA only is included in the simulation, without any Hebbian change in synaptic weight),

the section a comprised a majority of perfect performers (N=9), and much fewer responders

(N=2) and non-responder (N=1). The section b was occupied mainly by responders (N=8),

3 and much fewer non-responders (N=3) and perfect responders (N=1). Finally, the section

c included only non-responders (N=6), with no response or perfect response. This difference

in distribution was highly statistically significant. The proportions changed slightly in the

other scenarios which introduced part or whole Hebbian synaptic modifications, but without

affecting the dominant type in each section.

We already showed that the variability of reaction time could reflect quite different ex-

gaussian distributions when taking in account the variability of learning history, weighted

by the fact that the cumulative sum of history is either positive or negative. With a similar

range of weighted history variability as the controls, individuals with a DA release imbalance

but with a low reaction time variability (albeit still higher than the controls) often showed

a perfect performance. Their larger reaction time variability was due to a combination of a

small µ parameter (in ex-gaussian distribution), reflecting impulsive responses, but a large

τ parameter due to a high proportion of very slow responses. Because of a ceiling effect

due to the perfect performance of many subjects, the proportion of responders (2/12) and

non-responders (1/12) was very small in this section.

Within the same range of weighted history variability but with a larger reaction time

variability, the subjects with a DA imbalance showed a moderately impaired performance.

Our previous study [59] showed that these subjects were characterized by a higher proportion

of very slow responses. This reaction time distribution was typical of that observed in patients

diagnosed clinically with ADHD, who also exhibit a moderate decrease in performance. The
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subject in this section were also characterized by a high proportion of MPH responders.

Finally, when the learning history variability further increased, the subjects with a DA

imbalance showed a somewhat lower reaction time variability, although still much higher

than the normal controls. In this study [59], the ex-gaussian analysis showed that the µ

parameter increased in this subgroup, reflecting a slowing of most responses, while the τ

parameter decreased but still remained higher than in the subgroup b. This subgroup c

showed a further deterioration of the performance which became quite poor (about 60% of

hits). We compared this poor overall performance with that of subjects with both ADHD

and a learning disability.

The proportion of responders to MPH in these 3 subgroups partly defined by difference

in reaction time variability can be compared with previous clinical data assessing the rela-

tionship between reaction time variability and response to methylphenidate in children with

ADHD. Within a group of 88 ADHD subjects enrolled in a prospective 12-week, open-labeled,

multicenter study to examine optimal dosage of OROS methylphenidate, MPH responders

showed smaller response time variability at baseline. Baseline response time variability was

a significant predictor of the response to MPH: it predicted 94.9% of responder, 17.2% of

non-responder and 69.3% of overall group [35]. In another post-hoc analysis of data from a

multicenter, open-label, 12-week trial of OROS-MPH in 109 Korean children with ADHD,

lower response time variability scores on a continuous performance task were associated with

a significantly higher probability of both objective and subjective responses to MPH, com-

pared with both types of nonresponses to MPH [41]. The severity of ADHD has been showed

to moderate the response to MPH [40], but the two latter studies suggest that the reaction

time variability, a typical ADHD trait, is a valid biomarker of the response to MPH, with

the limitation that both studies did not use a control group.

In the present simulation, taking in account only the 20 subjects with a less than per-

fect performance, we found 2 responders versus 5 non-responders among subjects with low

standard deviation of reaction time, but 8 responders versus 5 non-responders among those
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with high standard deviation of reaction time. This result apparently contradicts the pre-

vious clinical studies, since the proportion of responders is higher in subjects with a higher

standard deviation of reaction times. But this difference in responders must be put into the

perspective of differences in variability in learning history. In the ex-gaussian analysis, we

showed that the response time variability of subjects in group b (with a smaller weighted

history variability) was higher than that of group c (with a larger weighted history variabil-

ity), because they had on the one hand a much lower value of the σ parameter (reflecting a

smaller Gaussian component), but on the other hand a much larger value of the τ parameter

(reflecting a larger exponential component). The two previous clinical studies [35, 41] have

not decomposed the response time variance into ex-gaussian components. However, if we

consider only the gaussian components of the variance, our simulation results are consistent

with the previous clinical data: the group with a smaller gaussian component has a higher

proportion of responders. A simulation should not be considered as a faithful reproduction

of the reality it simulates, but more as a useful graph to understand it. For example, our

simulation seeks to establish the consequences of an imbalance in DA release during rein-

forcement learning on the response time distribution, specifically on the impulsive and slow

responses. However, the simulation is not meant to reproduce their exact proportion of

impulsive and slow responses, which depends on many parameters that we cannot estimate.

Moreover, the simulation allows us to make a testable prediction. The exponential τ compo-

nent may be a better predictor of MPH response and be associated with a higher proportion

of MPH responders. At this time, no clinical study has yet used the ex-gaussian distribution

to predict response to MPH in ADHD.

Our DA imbalance model clearly links an ADHD trait (i.e., increase variability, especially

due to slow responses) to the learning history of motor responses. This link may explain why

in a retrospective study of 73 children aged 5-17 years diagnosed with ADHD and treated

with MPH, motor problems were more severe among responders that among non-responders.

Motor problems were assessed by testing reciprocal coordination of hand movements, control

of walking, presence of synkinesis (unwanted contractions of the muscles of the face during
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attempted movement), difficulty in dynamic balance (sideway jump and stops) and diado-

chokinesis (rapid pronation-supination movement on both hands). Success at these tests

require a precise reinforcement of discrete synaptic connections between the motor cortex

and the basal ganglia to avoid motor contamination. Excessive reinforcement linked to a

DA release imbalance could reinforce unwanted movements, lead to motor problems and also

affect the response to MPH.

To better understand the effects of MPH on the functional integration of different parts

of the brain (functional connectivity), the effects of a single 20 mg dose were compared to

placebo in healthy subjects [14]. The effects of MPH on functional connectivity at rest covar-

ied with the known distribution of DAT in the brain. Connectivity within the DAT-related

network was only increased in somato-motor areas, such as the precentral and postcentral

gyri and the anterior division of the supramarginal gyrus. Furthermore, these changes in

functional connectivity in DAT-enriched regions after a single dose of MPH correlated with

the ability to choose new options during a novelty reinforcement learning task. This study

showed that when dopaminergic discharge is balanced, MPH enhanced the functional con-

nectivity in sensory-motor regions so that new responses can be learned more readily when

they are reinforced.

In this perspective, we created four scenarios to identify which components of DA dis-

charge are most critical to account for the therapeutic effects of MPH. We compared the

proportion of responders for a dose of 5 and 10 mg of MPH in four different scenarios: (A)

tonic DA release component only, (B) both tonic and phasic release component, (C) tonic

and phasic (but only for the positive reward prediction error) release component, and (D)

tonic and phasic (but only for the negative punishment prediction error) release component.

The proportion of responder was higher with the tonic component only (scenario A) and with

the tonic/ negative prediction error (scenario C). When the positive reward prediction of the

model was active (scenarios B and D), the number of MPH responders was lower, although

the difference between conditions seemed to decrease for the higher 10 mg dose. The tonic

component of DA allowed for some learning, by either a primarily excitatory effect for the
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Go part or an inhibitory effect for the NoGo part of the striatum. When a phasic compo-

nent related to feedback was included, only the effect of MPH on the negative punishment

increased the number of responders. This suggests that the mechanism of action of MPH on

the phasic component was primarily by reinforcing unlearning of incorrect stimulus-response

associations. The additional responders in the scenario C appeared to be subjects with an

overall poor performance (see Figure 49).

ADHD patients seem indeed less sensitive to negative feedback. In a feedback-based

learning task, an ADHD group without medication showed a decrease in error-related nega-

tivity (ERN) and error-related positivity (Pe), compared with typically developing children

(TD), particularly as learning progressed throughout the task. Compared to the drug-free

group, an ADHD group treated with MPH showed normalized Pe [27]. In addition, when the

ADHD children performed a selective attention task with three feedback conditions (reward,

punishment, and no feedback), they did not show the evoked heart rate (EHR) slowdowns

on error trials observed in TD children, regardless of the feedback condition. However, MPH

normalized the EHR decelerations to errors and error feedback in the no-feedback condi-

tion and the punishment condition, respectively [25] . Subjects with ADHD are therefore

characterized by a decrease in negative feedback sensitivity after an error, a deficit that is

corrected by MPH. The error- and feedback-related deceleration of EHR could reflect the

same error monitoring system that is responsible for the emergence of error-related negativ-

ity (ERN)[26]. The locus coeruleus, which is the primary source nucleus of norepinephrine

in the brain, can be hypothesized to be involved in this cardiac response. However, the

dopaminergic system may also be involved in the error detection deficit. Specifically, a low

tonic level of DA diminishes the effect of a temporary cessation of DA discharge following

negative feedback for an error. The signal could be restored by MPH which increases the

tonic DA level and would allow a better correction of stimulus-response association errors at

the striatum level.

In conclusion, our simulation of the effect of MPH on the DA system in the basal ganglia

showed (1) that MPH improved performance in virtual subjects who developed an ADHD
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response profile, (2) that being an MPH responder could be predicted by different compo-

nents of response time variance and weighted learning history variability, and (3) that tonic

discharge and phasic drop of DA after negative feedback was critical for MPH response.

These results strongly support a dopaminergic model to explain the therapeutic effects of

MPH in ADHD and allows to propose some simple biomarkers of MPH response to be tested

clinically. This study has however some limitations. We focused on the concept of responders

and used relatively low MPH doses of 5 and 10 mg to detect the threshold of the response.

The next steps will be to test the effect of higher doses (15 and 20 mg) and compute the

corresponding DAT occupancy. Continuous behavioral variables will also need to be consid-

ered (such as reaction times, components of the reaction time distribution, different types of

errors, etc.) as well as other continuous variables in our model (DA discharge, gain function,

noise sensitivity, etc.) to further explore moderators of the MPH response. This will be the

subject of future studies.
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Discussion

L’objectif principal de la présente thèse était d’élucider les mécanismes physiologiques

liés à deux pathologies affectant le système dopaminergique des ganglions de la base ainsi

que leurs réponses aux thérapies associées, tout en visant une optimisation des régimes

thérapeutiques. Les traitements couramment utilisés ont été considérés, soient la lévodopa et

le méthylphénidate, dans le cadre de la maladie de Parkinson et du TDAH, respectivement.

À cette fin, un modèle de pharmacologie quantitative des systèmes (QSP), intégrant la

dynamique de la dopamine et la neurotransmission dans les ganglions de la base, a été

développé. Pour l’étude de la maladie de Parkinson, la perte des neurones dopaminergiques,

caractéristique de cette pathologie, a été représentée pour ainsi évaluer l’évolution de la

réponse thérapeutique en fonction du degré de dénervation, c’est-à-dire, en fonction de la

progression de la maladie. Pour l’étude du TDAH, l’impact de la plasticité synaptique durant

une tâche d’apprentissage par renforcement a été implémentée dans le modèle, en y associant

aussi un modèle PK du méthylphénidate. Le modèle fut élaboré en ayant comme double

objectif d’être intégratif et modulable afin qu’il puisse être utilisé dans le cadre d’études

portant sur des pathologies diverses du système dopaminergique des ganglions de la base.

Au Chapitre 1, l’analyse de l’effet de la lévodopa avec la progression de la maladie de

Parkinson, mesuré par une tâche motrice (tapotement des doigts), ainsi qu’une comparaison

des simulations aux données disponibles ont été effectuées à l’aide du modèle développé.

La fréquence de tapotement des doigts a servi comme indicateur clinique de l’effet de la

lévodopa sur la bradykinésie. Les processus de régulation pour le maintien de l’homéostasie

de la dopamine ont alors été investigués. Au Chapitre 2, les relations non-linéaires entre la



concentration plasmatique de lévodopa, la concentration cérébrale de dopamine ainsi que la

fréquence de tapotement des doigts avec la progression de la maladie ont été investiguées. De

plus, des analyses portant sur la concentration en dopamine dans le cerveau, selon différentes

doses de lévodopa, et l’implication des relations non-linéaires sur le rétrécissement de l’index

thérapeutique avec la dénervation ont été réalisées. Au Chapitre 3, dans un soucis d’applica-

bilité de notre approche, nous avons développé, comme preuve de concept, une application

pour optimiser et personnaliser le régime posologique de la lévodopa. Dans cette application,

la valeur de certains paramètres du modèle précédemment développé était personnalisée en

fonction des données motrices du patient. Des régimes posologiques variés ont ensuite été

testés afin d’identifier le régime optimal spécifique au patient et ce, en utilisant différents

critères.

Au Chapitre 4, l’hypothèse de l’implication, dans le TDAH, d’un débalancement entre

la dopamine tonique et phasique, durant l’apprentissage par renforcement, a été testée. Le

groupe de patients virtuels créés avec le modèle et présentant un tel débalancement manisfes-

tait des symptômes typiques du TDAH, tels qu’un plus grand nombre de réponses incorrectes

à une tâche de réponses à des stimuli, et des temps de réaction plus grands. Finalement, au

Chapitre 5, l’effet du rétablissement de la balance entre dopamine tonique et phasique par le

MPH sur le nombre de bonne réponses des patients à cette même tâche fut analysé. Divers

scénarios d’apprentisage ont alors été testés ainsi que différentes doses de MPH, pour en

comparer la proportion de répondants vs non-répondants au MPH. Une métrique dévelop-

pée dans ce travail a permis de mettre de l’avant l’apprentissage excessif de certaines tâches

comme facteur potentiellement impliqué dans la non-réponse au MPH.

La modélisation computationnelle en neuroscience s’apparentant à celle utilisée dans cette

thèse a débuté dans les années 1950, avec l’introduction du modèle de neurones d’Hodgkin

et Huxley. Pourtant, l’utilisation de l’approche QSP adoptée ici pour l’étude de la pharma-

cothérapie associée aux pathologies du système nerveux central (CNS) a pris du temps à voir

le jour [4]. La complexité des pathologies du CNS a probablement dissuadé la communauté

de pharmacométrie, souvent habituée à une formulation plus macroscopique des systèmes
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impliqués, d’utiliser cette approche au profit d’une approche compartimentale. Toutefois,

étant donné le faible taux de succès des essais cliniques dans la découverte de nouveaux

médicaments pour traiter les maladies neurodégénératives ainsi que les coûts élevés qui y

sont rattachés, la nécessité d’utiliser de nouvelles approches est devenue évidente [4]. La

modélisation QSP combinée à la modélisation PK/PD s’est donc alors imposée. L’avantage

de l’approche QSP est son caractère non invasive, sa capacité à intégrer des données et des

connaissances provenant de différentes sources, et sa faculté d’extrapoler des prédictions au-

delà de la portée des données disponibles [1]. De plus, cette approche à saveur mécanistique

peut être formulée de façon assez générique afin de s’adapter à divers contextes thérapeu-

tiques. C’est ainsi qu’en identifiant les composantes communes de la maladie de Parkinson

et du TDAH, nous avons réussi, dans le cadre de cette thèse, à étudier ces deux pathologies

et leurs thérapies.

Toutefois, il reste encore beaucoup à faire dans l’étude de la pharmacothérapie associée

aux pathologies du système dopaminergique. En effet, en plus de la bradykinésie, le présent

modèle pourrait être adapté afin d’incorporer la plasticité synaptique ainsi que l’utilisa-

tion de la lévodopa par les neurones sérotoninergiques, phénomènes qui seraient impliqués

dans l’apparition des dyskinésies (mouvements involontaires). Une meilleure compréhension

des effets secondaires pourrait conduire à l’identification de stratégies pour les retarder. De

plus, le modèle développé dans cette thèse impliquait des valeurs moyennes de paramètres.

Afin d’évaluer l’impact de la variabilité sur l’index thérapeutique et l’optimisation du régime

posologique, considérant que certains patients ne répondent pas de façon satisfaisante à la lé-

vodopa et ce, même aux premiers stades de la maladie, la variabilité inter et intra-individuelle

pourrait donc être considérées au niveau des paramètres PK de la lévodopa [2]. Le processus

de sélection des paramètres à personnaliser dans l’application Web pourrait également être

affiné par une analyse de sensibilité du modèle de la dopamine et du modèle des ganglions

de la base, à l’aide de données cliniques. Des algorithmes d’optimisation plus sophistiqués,

tels que des algorithmes génétiques ou de contrôle optimal, pourraient également être im-

plémentés dans l’application Web. Ceci permettrait de considérer une variété de régimes
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posologiques plus complexes qui ne pourraient être testés dans leur intégralité autrement. Il

serait aussi envisageable d’implémenter, en plus du modèle PK d’infusion intraveineuse consi-

déré ici, des modèles PK correspondant aux autres voies d’administration (orale et infusion

duodénale). Ainsi, cette application pourrait guider les cliniciens non seulement dans le choix

du régime posologique optimal mais aussi dans le choix de la voie d’administration à préco-

niser. Avant son implantation, cette application devra aussi être validée de façon rigoureuse

avec des cliniciens. Enfin, dans le futur, des capteurs permettant aux patients de mesurer

et collecter leur fréquence de tapotement des doigts, à différents moments, pourraient être

reliés à l’application Web pour permettre l’individualisation ainsi que l’optimisation des ré-

gimes posologiques. La faisabilité d’une telle approche a déjà été établie par l’utilisation de

capteurs pour le suivi de divers symptômes de la maladie de Parkinson [3] et même par la

personnalisation des régimes de lévodopa sous forme de microcomprimés à l’aide des données

motrices recueillies par de tels capteurs [5].

De plus, le TDAH est un trouble multifactoriel. Ainsi, en plus de l’impact d’un dysfonc-

tionnement du système dopaminergique tel que considéré dans cette thèse, celui se produisant

au niveau du système noradrénergique devrait être ajouté au modèle. Les mêmes considéra-

tions de variabilité mentionnées pour la lévodopa s’appliquerait au MPH, les modèles PK de

population du MPH ne manquent pas dans la littérature. D’autres modes de libération, telle

que la libération prolongée, peuvent faire partie des thérapies considérées dans une optique

d’optimisation des doses et des temps d’administration, mais aussi de combinaisons possibles

des formulations existantes et pourraient ainsi être ajoutés au modèle.

Pour conclure, l’approche par modélisation QSP adoptée tout au long de cette thèse

démontre une grande polyvalence et adaptabilité aux différents aspects impliqués dans le

processus de recherche et de développement du médicament [1]. Ces modèles peuvent per-

mettre d’appréhender la complexité de différentes pathologies en créant un cadre théorique

pour les étudier. Alors que l’on entre dans l’ère de la médecine personnalisée, les modèles

QSP représentent aussi des outils de choix pour la personnalisation et l’optimisation des trai-

tements. Cette approche trouve son apogée lorsqu’elle est développée en étroite collaboration
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avec des cliniciens et des scientifiques de plusieurs disciplines. Ainsi, c’est en transcendant

les frontières des différentes disciplines, qu’il sera possible de développer des outils pour

faire face aux défis multidimensionnels du système de la santé en gardant toujours comme

première préoccupation, le bien-être des patients.
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Annexe A

Cette annexe contient le matériel supplémentaire associé à l’article An Integrative Model

of Parkinson’s Disease Treatment Including Levodopa Pharmacokinetics, Dopamine Kinetics,

Basal Ganglia Neurotransmission and Motor Action throughout Disease Progression présenté

au Chapitre 1.

A.1 Scaling

The use of pre-existing models (levodopa PK model, dopamine kinetics model and neu-

rocomputational model of basal ganglia) requires some scaling between the output and input

of each model. The transformation of levodopa brain concentration into its related release

of dopamine molecules per terminal and the scaling of the fraction of bound dopaminergic

receptors are presented here.

A.1.1 Levodopa brain concentration into dopamine molecules per

terminal

Once levodopa has reached the brain, it is decarboxylated into dopamine by the neurons

of the substantia nigra. It will then increase the dopamine relase term IDA. In order to com-

bine the pharmacokinetic model of levodopa to the dopamine kinetics model, the levodopa

brain concentration given by C3(t) of equation 2.3 needs to be transformed into its related

dopamine release. The number of dopamine molecules per terminal that will be produced by



decarboxylation of levodopa is given by the following equation :

nLevodopa(t) = C3(t) NAcL
ρMLevodopa

(.0.1)

where nLevodopa(t) is the number of molecules per terminal produced by levodopa, C3(t)

is the levodopa brain concentration, NA is the Avogadro’s constant, cL is a conversion factor

of milliliters into liters, ρ is the terminal density in the intact substantia nigra and MLevodopa

is the molar mass of levodopa. The value of each parameter of equation .0.1 is given in Table

8.

Tableau 8. Parameter values for the conversion of levodopa brain concentration into its
related release of dopamine molecules per terminal

Parameter Description Value Reference

NA Avogadro’s constant 6.02 · 1023 molecules

mol

CL Conversion factor 1000 mL

L

ρ Terminal density 0.1 · 1015 terminals
L

[4]

MLevodopa Molar mass 197.1879 · 106 µg

mol

A.1.2 Scaling of the concentration of bound receptors

Once the dopamine concentration is found, the concentration of bound D1 and D2 recep-

tors can be estimated with equation 2.11. These values will respectively affect the neurons

in the direct and indirect pathways of the neurocomputational model. In order to keep the

same parameter values for the neurocomputational model as the ones presented in [2], the

fraction of bound receptors must be of the same magnitude as the dopamine effect defined

in [2]. In order to have the same basal value of dopamine effect, the parameters have been

scaled this way :

Bound receptorD1
scaled = Bound receptorD1 + 5.5650× 10−04 (.0.2)

Bound receptorD2
scaled = Bound receptorD2 − 0.0060. (.0.3)
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With the aim to have the same amplitude of dopamine effect, the parameters α, β and γ of

the neurocomputational model were also modified to α = 2.8323/BD1
max, β = −0.9750/BD2

max

and γ = −0.9750/BD2
max. These values are also given in Table 15. This scaling is a drawback

of the model. In the future, the parameters of the neurocomputational model of basal ganglia

should be reassess to fit individual data presented in [2] in order to prevent this scaling.

A.2 Dopamine release term

An equation was developed [4] to estimate the release term IDA(t) used in equation 2.7.

The same estimation was used here. In the present model, the release term IDA(t) is the sum

of the endogenous and exogenous release of dopamine. The release of dopamine is then given

by the following equations :

IDA = ρ
P (n0 + nLevodopa(t))

αvfNA

v0 (.0.4)

= ρ
Pn0

αvfNA

v0 + ρ
PnLevodopa(t)

αvfNA

v0 (.0.5)

= IDAendogenous + IDAlevodopa(t) (.0.6)

were ρ is the terminal density, P is the vesicular release probability, n0 is the number of

molecules released per vesicule fusion, α is the extracellular volume fraction, NA is the

Avogadro’s constant and v0 is the average firing rate of dopaminergic neurons. Equation .0.6

is the same as equation 2.8 presented in the paper. The parameters for this equation are

given in Table 9. The exogenous release of dopamine by decarboxylation of levodopa is given
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by the following equation :

IDAlevodopa(t) = ρ
PnLevodopa(t)

αvfNA

v0 (.0.7)

= ρ

PC3(t) NAcL
ρMLevodopa

αvfNA

v0 (.0.8)

= PcLv0

αvfMLevodopa

C3(t) (.0.9)

= k3dopC3(t) (.0.10)

and the parameters for this equation are given in Table 10.

Tableau 9. Parameters value for the dopamine release term in absence of levodopa therapy

Parameter Description Value Reference

ρ Terminal density 0.1 · 1015 terminals
L

[4]
P Vesicular release probability 0.1 [4]
n0 Number of molecules relea-

sed per vesicule fusion
3000 molecules

terminal [4, 5]

αvf Extracellular volume frac-
tion

0.2 [4, 7]

NA Avogadro’s constant 6.02 · 1023 · 10−6 molecules
µmol

v0 Average firing rate 4 s−1 [4]

Tableau 10. Parameters value for the dopamine release term with levodopa therapy

Parameter Description Value Reference

ρ Terminal density 0.1 · 1015 terminals
L

[4]
P Vesicular release probability 0.07 [4]
n0 Number of molecules relea-

sed per vesicule fusion
(3000 + nLevodopa(t))

molecules
terminal [4, 5]

αvf Extracellular volume frac-
tion

0.2 [4, 7]

NA Avogadro’s constant 6.02 · 1023 · 10−6 molecules
µM

v0 Average firing rate 3 s−1 [4]
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The value for the terminal density given in Tables 9 and 10 is the one for the intact

substantia nigra. As the disease progresses, this density will decrease. This model considers

an homogenous neuronal death in space and a density proportional to the fraction of neurons

alive (f). The release term will then become :

(f · ρ) Pn0

αvfNA

v0 = f · IDA. (.0.11)

The relation given by equation .0.11 leads to the first term in equation 2.10 in the paper.

A.3 Neurocomputational model of basal ganglia

The neurocomputational model of basal ganglia was previously developed to simulate the

neuronal activity in each subregion of the basal ganglia [2, 3]. The same model was used

here.

The activity of the neurons in the cortex, the striatum, the globus pallidus internal and

external, the subthalamic nucleus and the thalamus in addition to neurons representing the

sensory input from the cortex are developped in this model. The abbreviation used in the

equations are listed in Table 21.

Tableau 11. Abbreviations for the subregions of the basal ganglia

Subregion’s name Abbreviation
Sensory input S
Cortex C
Cortex’s lateral inhibition L
Go part of striatum (D1 receptors) G
NoGo part of striatum (D2) receptors N
Globus pallidus internal I
Globus pallidus external E
Subthalamic nucleus STN
Thalamus T
Cholinergic interneurons H

In order to keep the model as simple as possible, the equations for the neuronal activity

are of type firing rate neurons. There are two neurons in each subregion to represent the

two possible actions (raising or lowering the finger) except in the subthalamic nucleus and
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for the cholinergic interneuron. Let i be the number of the postsynaptic neuron (1 or 2) in

the subregion k receiving current from the presynaptic neuron number j in the subregion m

with a weight of wkm. The general form of the equations are the following :

τ
uki
dt

= −uki +
2∑
j=1

wkmij y
m
j . (.0.12)

The post synaptic variable uki is transformed into the activity of the neuron (scaled between

zero and one) by the following sigmoidal function :

yki = ζ(uki )

= 1
1 + e−a(uk

i −u0) .
(.0.13)

The value of the parameters of the sigmoïdal function are presented in Table 12.

Tableau 12. Values of the parameters of the sigmoïdal function

Parameter Description Value Reference
a Parameter affecting the central slope 4 [2]
u0 Value to obtain a yki of 0.5 1

The parameter a is a parameter affecting the central slope and u0 is the value of uki
to obtain a yki of 0.5. The subregions are connected through the three neurotransmission

pathways described in section 2.3 and are represented in Figure ?? of the paper. Knowing

the connections between each subregion and their nature (excitatory or inhibitory) enables

us to write the equation of the neuronal activity of each subregion. With all the u and y

beeing 2×1 vectors except for uSTN , ySTN , uH and yH which are 1×1 vectors, the equations

are the following :

Cortical neurons :

τL
duL

dt
= −uL + LyC , (.0.14)

τ
duC

dt
= −uC + wCSS + uL + wCTyT , (.0.15)

yCi = ζ(uCi ) i ∈ {1,2}, (.0.16)
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Go neurons :

τ
uG

dt
= −uG + wGSS + wGCyC + α · Bound receptorD1(yG − υG) + wGHyH

1

1

 , (.0.17)

yGi = ζ(uGi ) i ∈ {1,2}, (.0.18)

NoGo neurons :

τ
duN

dt
= −uN + wNSS + wNCyC + β · Bound receptorD2 + wNHyH

1

1

 , (.0.19)

yNi = ζ(uNi ) i ∈ {1,2}, (.0.20)

GPe neurons :

τ
duE

dt
= −uE + wENyN + wESTNySTN + IE, (.0.21)

yEi = ζ(uEi ) i ∈ {1,2}, (.0.22)

GPi neurons :

τ
duI

dt
= −uI + wIGyG + wIEyE + wISTNySTN

1

1

+ II , (.0.23)

yIi = ζ(uIi ) i ∈ {1,2}, (.0.24)

STN neuron :

τ
duSTN

dt
= −uSTN + kEE +

2∑
i=1

wSTNEi yEi , (.0.25)

with E = yC1 y
C
1 + 2yC1 yC2 + yC2 y

C
2 , (.0.26)

ySTN = ζ(uSTN), (.0.27)
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Thalamus neurons :

τ
duT

dt
= −uT + wTIyI + wTCyC , (.0.28)

yTi = ζ(uTi ) i ∈ {1,2}, (.0.29)

Cholinergic interneuron :

τ
duH

dt
= −uH + IH + γ · Bound receptorD2, (.0.30)

yH = ζ(uH). (.0.31)

See [2, 3] for more details concerning this model. The weights of the connections between

each subregion are matrices presented in Table 13. The membrane time constants (τ) are

also presented in Table 13. These values were found to fit the data of the finger tapping task

[2].

Both parts of the globus pallidus (intern and extern) [6] and the cholinergic interneurons

[1] are tonically active. This implies the presence of an external input to those neurons. The

value of these external inputs are presented in Table 14.

The value of the weight of dopamine impact of the Go, NoGo and cholinergic interneurons

are defined in Table 15.

The parameters value of α, β and γ were modified from the original values presented in

[2] for scaling as discussed in section A.1.
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Tableau 13. Values of the synaptic weights and of the membrane time constant (τ) in the
neurocomputational model of basal ganglia

Parameter Description Value Reference

wCS Weight between S and C
[
1.1 0.2
0.2 1.1

]

[2]

L Lateral inhibition weight
[

0 −1.2
−1.2 0

]

wCT Weight between T and C
[
4 0
0 4

]

wGC Weight between C and Go
[
0.48 0

0 0.48

]

wGS Weight between S and Go
[
0.9 0
0 0.9

]

wNC Weight between C and NoGo
[
1.08 0

0 1.08

]

wNS Weight between S and NoGo
[
0.1 0
0 0.1

]

wEN Weight between NoGo and GPe
[
−2.2 0

0 −2.2

]

wIE Weight between GPe and GPi
[
−3 0
0 −3

]

wIG Weight between Go and GPi
[
−12 0

0 −12

]

wTC Weight between C and T
[
3 0
0 3

]

wTI Weight between GPi and T
[
−3 0
0 −3

]
kE Energy weight in STN 7
wSTNE Weight between GPe and STN −1
wESTN Weight between STN and GPe 1
wISTN Weight between STN and GPi 14
wGH Weight between ChI and Go −1
wNH Weight between ChI and NoGo 1
τ Time constant 24 ms
τL Time constant for lateral inhibition 120 ms
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Tableau 14. Values of the external input to the neurons

Parameter Description Value Reference

IE External input to GPe
[
1
1

]
[2]

II External input to GPi
[
3
3

]
IH External input to ChI 1.25

Tableau 15. Parameter values related to dopamine effect in the basal ganglia

Parameter Description Value Reference
υG Threshold of Go neurons 0.3 [2]
α Dopamine weight to Go neurons 404.6143

Modified for scalingβ Dopamine weight to NoGo neurons −65
γ Dopamine weight to ChI −65
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Annexe B

Cette annexe contient le matériel supplémentaire associé à l’article Nonlinear pharmaco-

dynamics of Levodopa through Parkinson’s disease progression présenté au Chapitre 2.

B.1 Parameters values

The parameters values for the different parts of the model are presented in the tables

below.

Tableau 16. Parameters values of the pharmacokinetic model (equations 2.1,2.2 and 2.3 in
the paper)

Parameter Value [1]
Q12 9.11 L/min
Q21 10 L/min
Q13 0.0021 L/min
CLe3 0.006 L/min
CLe1 0.7979 L/min
V1 12 L
V2 32 L
V3 2 L
k0(t) 3.33 mg/min for 0 ≤ t ≤ 30min

0 mg/min for t ≥ 30min



Tableau 17. Parameters values for the dopamine dynamics model (equations 2.4 and 2.6)

Parameter Value Reference
IDAendogenous 0.9963 µmol/L/s [4]
Vmax 4 µmol/L/s [4]
km 0.16 µmol/L [4, 7]
krem 0.04 1/s [2, 4]
kD1
D 1 µmol/L [6]
kD2
D 0.01 µmol/L [6]
BD1
max 0.007 µmol/L [3]

BD2
max 0.015 µmol/L [5]
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Tableau 18. Values of the synaptic weights and of the membrane time constant (τ) in the
neurocomputational model of basal ganglia (equation 2.7)

Parameter Value Reference

wCS
[
1.1 0.2
0.2 1.1

]

[1]

L

[
0 −1.2
−1.2 0

]

wCT
[
4 0
0 4

]

wGC
[
0.48 0

0 0.48

]

wGS
[
0.9 0
0 0.9

]

wNC
[
1.08 0

0 1.08

]

wNS
[
0.1 0
0 0.1

]

wEN
[
−2.42 0

0 −2.42

]

wIE
[
−3 0
0 −3

]

wIG
[
−12 0

0 −12

]

wTC
[
3 0
0 3

]

wTI
[
−3 0
0 −3

]
kE 7
wSTNE −1
wESTN 1
wISTN 14
wGCHI −1
wNCHI 1
τ 24 ms
τL 120 ms
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Tableau 19. Values of the external input to the neurons (equation 2.7)

Parameter Value Reference

IE
[
1
1

]
[1]

II
[
3
3

]
IH 1.25

Tableau 20. Parameters values related to dopamine effect in the basal ganglia (equation
2.7) and to the sigmoid function (equation 2.8)

Parameter Value Reference
υG 0.3 [1]
α 404.6143

Modified for scalingβ −65
γ −65
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Annexe C

Cette annexe contient le matériel supplémentaire associé à l’article A mechanistic model

of ADHD as resulting from dopamine phasic/tonic imbalance during reinforcement learning

présenté au Chapitre 4.

C.1 Equations of the model and parameters values

C.1.1 Neurocomputational model of basal ganglia

The equations of the neurocomputational model describing the neuronal activity in each

subregions of the basal ganglia is described in this section. Abbreviations for the name of

each subregions are used and described in Table 21.

Tableau 21. Abbreviations for the subregions of the basal ganglia

Subregion’s name Abbreviation
Sensory input S
Cortex C
Cortex’s lateral inhibition L
Go part of striatum (D1 receptors) G
NoGo part of striatum (D2) receptors N
Globus pallidus internal I
Globus pallidus external E
Subthalamic nucleus STN
Thalamus T
Cholinergic interneurons H

The equations describing the neuronal activity in each region are of type firing rate.

There are four neurons in each subregions to represent the four action channels except

for the subthalamic nucleus and for the cholinergic interneuron. Let i be the number of



the postsynaptic neuron in the subregion k receiving current from the presynaptic neuron

number j in the subregion m with a weight of wkm. The general form of the equations are

the following :

τ
uki
dt

= −uki +
4∑
j=1

wkmij y
m
j . (.0.32)

The post synaptic variable uki is transformed into the activity of the neuron (scaled between

zero and one) by the following sigmoidal function :

yki = ζ(uki ),

= 1
1 + e−a(uk

i −u0) .
(.0.33)

The value of the parameters of the sigmoïdal function are presented in Table 22.

Tableau 22. Values of the parameters of the sigmoïdal function

Parameter Description Value Reference
a Parameter affecting the central slope 4 [5]
u0 Value to obtain a yki of 0.5 1

Here are the equations for the neuronal activity in each subregions :

Cortical neurons :

τL
duL

dt
= −uL + LyC , (.0.34)

τ
duC

dt
= −uC + wCSS + uL + wCTyT , (.0.35)

yCi = ζ(uCi ) i ∈ {1,2,3,4}, (.0.36)
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Go neurons :

τ
uG

dt
= −uG + wGSS + wGCyC + α ·D1(yG − υG) + wGHyH



1

1

1

1


, (.0.37)

yGi = ζ(uGi ) i ∈ {1,2,3,4}, (.0.38)

NoGo neurons :

τ
duN

dt
= −uN + wNSS + wNCyC + β ·D2 + wNHyH



1

1

1

1


, (.0.39)

yNi = ζ(uNi ) i ∈ {1,2,3,4}, (.0.40)

GPe neurons :

τ
duE

dt
= −uE + wENyN + wESTNySTN + IE, (.0.41)

yEi = ζ(uEi ) i ∈ {1,2,3,4}, (.0.42)

GPi neurons :

τ
duI

dt
= −uI + wIGyG + wIEyE + wISTNySTN



1

1

1

1


+ II , (.0.43)

yIi = ζ(uIi ) i ∈ {1,2,3,4}, (.0.44)
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STN neuron :

τ
duSTN

dt
= −uSTN + kEE +

4∑
i=1

wSTNEi yEi , (.0.45)

with E = yC1 y
C
2 + yC1 y

C
3 + yC1 y

C
4 + yC2 y

C
3 + yC2 y

C
4 + yC3 y

C
4 , (.0.46)

ySTN = ζ(uSTN), (.0.47)

Thalamus neurons :

τ
duT

dt
= −uT + wTIyI + wTCyC , (.0.48)

yTi = ζ(uTi ) i ∈ {1,2,3,4}, (.0.49)

Cholinergic interneuron :

τ
duH

dt
= −uH + IH + γ ·D2, (.0.50)

yH = ζ(uH). (.0.51)

See [2, 3] for a more detailed description of the model. The weights of connection between

each subregions and membrane time constants are presented in Table 23.

The globus pallidus (intern and extern) [4] and the cholinergic interneurons [1] are toni-

cally active, therefore there is an external input to these neurons. The value of these external

inputs are presented in Table 24.

The value of the weight of dopamine effect of the Go, NoGo and cholinergic interneurons

are defined in Table 25.
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Tableau 23. Values of the synaptic weights and of the membrane time constants (τ) in the
neurocomputational model of basal ganglia

Parameter Description Value Reference

wCS Weight between S and C


1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1



L Lateral inhibition weight


0 −1.2 −1.2 −1.2
−1.2 0 −1.2 −1.2
−1.2 −1.2 0 −1.2
−1.2 −1.2 −1.2 0



wCT Weight between T and C


4 0 0 0
0 4 0 0
0 0 4 0
0 0 0 4



wEN Weight between NoGo and GPe


−2.2 0 0 0

0 −2.2 0 0
0 0 −2.2 0
0 0 0 −2.2



wIE Weight between GPe and GPi


−3 0 0 0
0 −3 0 0
0 0 −3 0
0 0 0 −3

 [5]

wIG Weight between Go and GPi


−36 0 0 0

0 −36 0 0
0 0 −36 0
0 0 0 −36



wTC Weight between C and T


3 0 0 0
0 3 0 0
0 0 3 0
0 0 0 3



wTI Weight between GPi and T


−3 0 0 0
0 −3 0 0
0 0 −3 0
0 0 0 −3


kE Energy weight in STN 7
wSTNE Weight between GPe and STN −1
wESTN Weight between STN and GPe 1
wISTN Weight between STN and GPi 30
wGH Weight between ChI and Go −1
wNH Weight between ChI and NoGo 1
τ Time constant 15 ms
τL Time constant for lateral inhibition 75 ms
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Tableau 24. Values of the external input to the neurons

Parameter Description Value Reference

IE External input to GPe


1
1
1
1

 [5]

II External input to GPi


2.5
2.5
2.5
2.5

 Modified from [5]

IH External input to ChI 1 [5]

Tableau 25. Parameters value related to dopamine effect in the basal ganglia

Parameter Description Value Reference
υG Threshold of Go neurons 0.35 [5]
α Dopamine weight to Go neurons 20 Modified from [5]
β Dopamine weight to NoGo neurons −12.5 Modified from [5]
γ Dopamine weight to ChI −6.25 Modified from [5]
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C.2 Evolution of synaptic weights figures

Figures of synaptic weights evolution with each epoch as described in the paper.
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Figure 50. Evolution of the values in the wGS matrix of each individual in the dopamine
imbalance group
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Figure 51. Evolution of the values in the wGS matrix of each individual in the control
group
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Figure 52. Evolution of the values in the wNS matrix of each individual in the dopamine
imbalance group group
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Figure 53. Evolution of the values in the wNS matrix of each individual in the control
group
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Figure 54. Evolution of the values in the wGC matrix of each individual in the dopamine
imbalance group
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Figure 55. Evolution of the values in the wGC matrix of each individual in the control
group
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Figure 56. Evolution of the values in the wNC matrix of each individual in the dopamine
imbalance group
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Figure 57. Evolution of the values in the wNC matrix of each individual in the control
group
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