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Abstract

In this thesis, I have used a combination of computational models such as mean field and spiking

network simulations to study various sub-circuits of basal ganglia. I first studied the striatum

(chapter 2), which is the input nucleus of basal ganglia. The two types of Medium Spiny

Neurons (MSNs), D1 and D2-MSNs, together constitute 98% of the neurons in striatum. The

computational models so far have treated striatum as a homogenous unit and D1 and D2 MSNs as

interchangeable subpopulations. This implied that a bias in a Go/No-Go decision is enforced via

external agents to the striatum (eg. cortico-striatal weights), thereby assigning it a passive role.

New data shows that there is an inherent asymmetry in striatal circuits. In this work, I showed

that striatum due to its asymmetric connectivity acts as a decision transition threshold device

for the incoming cortical input. This has significant implications on the function of striatum as

an active participant in influencing the bias towards a Go/No-Go decision. The striatal decision

transition threshold also gives mechanistic explanations for phenomena such as L-Dopa Induced

Dyskinesia (LID), DBS-induced impulsivity, etc. In chapter 3, I extend the mean field model to

include all the nuclei of basal ganglia to specifically study the role of two new subpopulations

found in GPe (Globus Pallidus Externa). Recent work shows that GPe, also earlier considered

to be a homogenous nucleus, has at least two subpopulations which are dichotomous in their

activity with respect to the cortical Slow Wave (SWA) and beta activity. Since the data for these

subpopulations are missing, a parameter search was performed for effective connectivities using

Genetic Algorithms (GA) to fit the available experimental data. One major result of this study

is that there are various parameter combinations that meet the criteria and hence the presence

of functional homologs of the basal ganglia network for both pathological (PD) and healthy

networks is a possibility. Classifying all these homologous networks into clusters using some

high level features of PD shows a large variance, hinting at the variance observed among the PD

patients as well as their response to the therapeutic measures. In chapter 4, I collaborated on a

project to model the role of STN and GPe burstiness for pathological beta oscillations as seen

during PD. During PD, the burstiness in the firing patterns of GPe and STN neurons are shown

to increase. We found that in the baseline state, without any bursty neurons in GPe and STN,

the GPe-STN network can transition to an oscillatory state through modulating the firing rates

of STN and GPe neurons. Whereas when GPe neurons are systematically replaced by bursty

neurons, we found that increase in GPe burstiness enforces oscillations. An optimal % of bursty

neurons in STN destroys oscillations in the GPe-STN network. Hence burstiness in STN may

serve as a compensatory mechanism to destroy oscillations. We also propose that bursting in

GPe-STN could serve as a mechanism to initiate and kill oscillations on short time scales, as

seen in the healthy state. The GPe-STN network however loses the ability to kill oscillations in

the pathological state.
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Abstrakt

I denna doktorsavhandling har jag använt en kombination av beräkningsmodeller s̊asom mean-

field-modeller och spikande nätverksmodeller för att studera olika delkretsar i basala ganglierna.

Jag inledde mina studier med striatum (kapitel 2), den huvudsakliga input-kärnan i basala gan-

glierna. 98% av neuronen i striatum är inhibitoriska Medium Spiny Neurons (MSNs). De kan

delas in i tv̊a typer, D1-MSN och D2-MSN beroende p̊a vilken dopaminreceptor de uttrycker.

Hittills har beräkningsmodeller behandlat striatum som en homogen enhet där D1- och D2-MSN

populationerna setts som likvärdiga. Detta innebär att all eventuell bias vid Go/No-Go-beslut

har externt ursprung (tex synapsstyrkor i den kortikostriatala projektionen) och att striatums roll

med avseende p̊a denna bias är passiv. Nya in-vitro-data visar emellertid att det finns en asym-

metri i kopplingsstrukturen mellan b̊ade D1-, D2-MSNs och interneuronen i striatum. Genom

användning av modeller och simuleringar visar jag att den asymmetriska kopplingsstrukturen i

striatum fungerar som en beslutströskel med avseende p̊a inkommande kortikala signaler. Detta

leder till en bild där striatums funktion är att aktivt p̊averka resultatet vid Go/No-Go-beslut.

Denna striatala beslutstöskel kan ocks̊a mer mekanistiskt förklara fenomen som L-dopa-inducerad

dyskinesi (LID), DBS-inducerad impulsivitet, etc. I kapitel tre utökar jag mean-field-modellen

till att inkludera alla kärnor i basala ganglierna. Detta görs för att specifikt studera rollen av

tv̊a nyupptäckta subpopulationer i GPe (Globus Pallidus Externa). Nya data visar nämligen

att GPe, som tidigare betraktades som en homogen kärna, har åtminstone tv̊a subpopulationer

vilka uppvisar en dikotomi med avseende p̊a vilken dynamik de reagerar med p̊a kortikala slow

waves (SWA) och beta-aktivitet. Mycket data saknas för dessa neurontyper. För att uppskatta

den effektiva kopplingsstrukturen fr̊an/till de tv̊a subpopulationerna i GPe har jag därför kon-

struerat en mean-field-modell av basala ganglierna och genomfört en parametersökning baserad

p̊a genetiska algoritmer (GA). Modellen använde tillgängliga experimentella data som bivillkor.

Ett huvudresultat av studien är att det finns ett antal olika parameterkombinationer som upp-

fyller bivillkoren. Därmed kan dessa alternativa modeller motsvara olika existerande funktionella

homologer för basala ganglienätverket. Därefter använde jag n̊agra kännetecken för Parkinsons

sjukdom (PD) för att klassificera dessa homologa nätverk i olika kluster: robust patologiska

(höga poäng för alla PD-kännetecken), robust friska (l̊aga poäng för alla PD-kännetecken) samt

ett spektrum däremellan. Detta kan ge en ledtr̊ad inte bara avseende subtyper av PD, men ocks̊a

ang̊aende den variation man observerar för PD-patienter s̊aväl som hur patienterna svarar p̊a

terapeutiska åtgärder. I kapitel fyra beskrver jag ett projekt som gick ut p̊a att modellera bety-

delsen av förekomst av burstar i STN och GPe neuronen och hur detta p̊averkar de patologiska

beta-oscillationer man ser vid PD. Tendensen till burstar i spikt̊agen fr̊an GPe och STN-neuron

har visats öka vid PD. Vi fann att i grundtillst̊andet, där burstar i GPe eller STN-neuronen sak-

nas, kan GPe-STN-nätverket transient uppvisa ett oscillatoriskt tillst̊and. Systematiskt utbyte

av GPe-neuron till burstande neuron leder till oscillationer i nätverket. En optimal andel av

burstande neuroner i STN kan dock eliminera oscilationerna i GPe-STN-nätverket. Vi föresl̊ar

därför hypotesen att burstning i STN kan tjäna som en kompensatorisk mekanism för att elim-

inera oscillationer. Vi hypotetiserar även att det är samma mekanism som orsakar initiering och

eliminering av transienta oscillationer som ses i det ”friska” tillst̊andet. Om nätverkets tillst̊and

redan är patologiskt kan STN-GPe nätverket dock inte längre motverka oscillationerna.
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Zusamenfassung

In dieser Doktorarbeit verwende ich mathematisch/theoretische Modelle (z.B “mean field” oder

“spiking network” Modelle) um die Dynamik verschiedener Verschaltungseinheiten(Subnetzwerke,)

der Basalganglien zu untersuchen, insbesondere im Hinblick auf Parkinson Erkrankungen. Die

Basalganglien sind subkortikale Kerne bzw. Kerngebiete, deren funktionelle Bedeutung mo-

torische Kontrolle und Lernen beinhaltet. Neurologische Krankheiten wie z.B. Parkinson (PD),

Huntigton’s und Tourette Syndrom gehen mit einer Funktionsstörung der Basalganglien ein-

her. Zunächst wird das Striatum studiert, die grösste Struktur der Basalganglien und deren

Haupteingangseinheit. 98% der Neurone im Striatum sind inhibitorischer Natur, die sogenan-

nten “Medium Spiny Neurons“ MSNs. Je nach exprimierten Dopaminrezeptoren werden sie in

“D1-MSNs” und “D2-MSNs” aufgeteilt. Bisherige Modelle behandelten das Striatum als eine

homogene Einheit in der D1 und D2 MSNs vertauschbare Populationen sind. Daraus ergibt sich

eine eher passive Rolle bei “Go/No-Go” Entscheidungen, die in solchen Modellen vornehmlich

durch externe Signale (z.B. kortiko-striatale Verbindungen) beeinflusst werden. Aktuelle “in-

vitro” Daten hingegen weisen eine inherente Asymmetrie zwischen D1 und D2 MSNs auf, ebenso

wie eine Innervation durch sogenannte “Fast Spiking Interneurons”, FSIs. Mithilfe der anfangs

genannten Modelle zeige ich, dass das Striatum aufgrund seiner asymmetrischen internen Kon-

nektivität eine Art Übergangsschwellwert-Funktion für kortikale Eingangssignale darstellt. Hier-

aus wiederum ergibt sich eine signifikant aktivere Rolle bei der Beeinflussung von “Go/No-Go”

Entscheidungen. Phenomäne wie L-Dopa induzierte Dyskinesia (LID) oder Deep Brain Stimu-

lation (DBS) induzierte Impulsivität lassen sich anhand der Übergangsschwellwert-Funktion des

Striatums führt plausibel erklären.

Im dritten Kapitel erweitere ich das “mean field” Model, so dass es alle Kerne der Basalganglien

beinhaltet. Diese Erweiterung ermöglicht eine geziehlte Analyse der Rolle zweier neuer Unter-

gruppen des Globus Pallidus Externa (GPe). Urspreuglich wurde eine homogener Aufbau des

GPe angenommen. Aktuelle Studien zeigen hingegen, dass der GPe mindestens zwei neuronalen

Untergruppen beinhaltet, die gegensätzliche Eigenschaften bezgl. ihrer Projektionsorte und ihrer

Dynamik (genauer bezgl. “Slow Wave” und “beta” Aktivität) aufzeigen. Viele Eigenschaften

dieser Neurone (GPe-TA und TI Neurone) sind nicht bekannt, z.B. die Verbindungsstärke und -

wahrscheinlichkeit im Hinblick auf D1 und D2 MSNs, ebenso wie ihre rekurrente Konnektivität.en

Um diese Daten abschätzen zu können, habe ich mithilfe genetischer Algorithmen (GA) eine Pa-

rametersuche des “mean field” Modells der Basalganglien durchgeführt.

Die Eigenschaften des Modells unterliegen Nebenbedingungen, die auf der Basis experimentell

gegebener Daten (soweit vorhanden) entwickelt wurden. Ein wichtiges Ergebnis dieser Dok-

torabeit ist, dass verschiedene Parameterkombinationen existieren, die die gegebenen Nebenbe-

dingungen erfüllen. Daher gibt es verschiedene funktionale Homologe der Basalganglien. Diese

Prozedur wurde sowohl für pathologische (PD) als auch für nicht-pathologische “gesunde” Netwerk-

modelle durchgeführt. Anschließend habe ich die sich ergebenden homologen Netwerkmodelle

auf der Basis verschiedener abstrakter Beschreibungsmerkmale klassifiziert. Die hieraus resul-

tierenden Gruppen umfassen eine Skala von stark-pathologisch (hohe Werte aller PD Merkmale)

bis hin zu eindeutig-gesund (nidriege Werte aller PD Merkmale). Diese Resultate zeigen die

Existenz verschiedener Parkinson Untergruppen auf. Des weiteren weisen sie auf die Variabilität
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dieser Erkrankung hin, insbesondere im Hinblick auf mögliche therapeutische Maßnahmen.

In Kapitel vier schildere ich die Ergebnisse einer Zusammenarbeit an einem Projekt welches

die Rolle des GPe und des Nucleus subthalamicus (STN) in pathologischen beta Oszillatio-

nen in Parkinson Patienten untersucht. Es ist bekannt, dass deren neuronale Aktivität viele

und starke “bursts” (sehr schnell aufeinanderfolgende Aktionspotentiale) aufweist. Wir zeigen,

dass man das GPe-STN Netzwerk im Grundzustand (ohne “bursts”) in einen oszillatorischen

Zustand überführen kann indem entweder die Eingansaktivität zum GPe verringert oder die

Eingangsaktivität zum STN erhöht wird. Des weiteren stellte sich heraus, dass die Feuerraten

ders STN, im Gegensatz zum GPe, eine recht gute Vorhersage der Netzwerkdynamik liefern.

Wenn allerdings die PGe Neurone systematisch durch “bursty” Neurone ersetzt werden, führt

dies zur Verstärkung von Netzwerkoszillationen. Selbiges Vorgehen im STN hingegen zeigt einen

nicht-monotonen Effekt bezüglich GPe-STN Oszillationen: Ein optimaler Anteil von “bursty”

Neuronen im STN wirkt Oszillationen entgegen. Ein weiter Anstieg hingegen verstäkt Oszilla-

tionen – wenn auch mit einer Phasenverschiebung. Daher nehmen wir an, dass die Variation des

Anteils von “bursty” Neuronen im STN einen kompensierenden Mechanismus bereitstellt, der

Netzwerkoszillationen herunterregelt.

Da die Änderung der Aktivitätsmuster vom Zustand der Netzwerkdynamik abhängen sollte,

prognostizieren wir, dass dieser Mechanismus im “gesunden” Zustand das Auftreten und Auslöschen

von kurzzeitigen Oszillationen regelt. Wenn sich das Netzwerk allerdings im pathologischem Zus-

tand befindet, ist die Auslöschung von Oszillationen nicht mehr möglich, da der zustandsabhängige

Regulierungsmechanismus den Anteil der “bursty” Neurone weit über den optimalen Wert hin-

aus reguliert. Diese Hypothese passt gut zu experimentellen Beobachtungen, da kurzzeitige

Oszillationen auch im nicht-pathologischen Zustand der Basalganglien auftreten. Diese werden

normalerweise durch die Initiierung von Bewegungen unterbrochen, ein Mechanismus der bei

Parkinson Patienten oftmals nicht funktioniert.
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Chapter 1

Introduction

The basal ganglia (BG) is a conglomerate of subcortical nuclei situated at the base of the

forebrain (Fig. 1.1). It is strongly connected to other parts of the brain including cerebral

cortex, intralaminar and centromedian thalamus, amygdala etc. Although glutamate is

the most abundant neurotransmitter in cortex, in BG, GABA is the most abundant

neurotransmitter since most of its nuclei are inhibitory. They are striatum (made of

caudate and putamen), Globus pallidus externa (GPe), Globus pallidus interna (GPi),

substantia nigra compacta (SNc) with the exception of Subthalamic nucleus (STN) which

is an excitatory nucleus. The striatum and STN are the main input nuclei whereas GPi

and SNr(Substantia nigra pars resticulata) are the principal output nuclei of BG. SNc

and the adjacent VTA (Ventral tegmental Area) is the seat of dopamine neurons which

projects and provide dopamine to BG, primarily the striatum.

The BG are associated with a variety of functions such as voluntary motor control,

procedural learning, habit formation, action selection etc. This is also the area of the

brain which gets affected during diseases like Parkinson’s disease (PD), Huntington’s

disease, Tourette syndrome, dyskinesia etc. Many computational models have tried

to explained the workings of the BG, one of the most influential of them being the

classical rate model proposed by Albin et al. [2]. This model describes three main

functional pathways in the BG - direct/‘Go’ ,indirect/‘No-Go’ and hyperdirect/STOP

(as shown in Figure 1.3). The direct or ‘Go’ pathway originates in striatum, inhibits

GPi, which releases thalamus from inhibition hence allowing a movement to initiate.

The indirect/‘No-Go’ pathway also originates in striatum but inhibits GPe, disinhibits

GPi, thereby inhibiting thalamus and restricting a movement. The hyperdirect/STOP

pathway originates in STN and excites GPi, thereby inhibiting thalamus and stopping

a movement. PD is then explained as a imbalance between these pathways (as shown in

1
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Figure 1.1: The constituents nuclei of the basal ganglia. Figure taken from:

(http://cti.itc.virginia.edu/ psyc220/kalat/JK246.fig8.15.basal ganglia.jpg)

Figure 1.3), with the weakening of the direct and strengthening of the indirect pathway,

hence explaining the difficulty of PD patients in initiating a movement.

1.1 Computational models of the basal ganglia

Computational models of the BG aim at designing simple and easily tractable models to

better understand many functions of the BG. These models can be roughly divided into

three, often overlapping, categories depending on the functional or dynamical aspect of

the BG they address: a) action selection b) reinforcement learning c) network dynamics

(DBS, β-oscillations etc.).

The motivation for action selection lies in the hypothesis that every action selected is

a result of the competition between ‘Go’/‘No-Go’ pathways of all competing actions in

the BG. The two kinds of medium spiny neurons (MSNs) in striatum also selectively

project to either direct (D1-MSNs) or indirect pathway (D2-MSNs), depending on the

dopamine receptor they express (D1-MSNs or D2-MSNs). One of the models that ex-

plore action selection in the BG was proposed by Redgrave et al. [3]. In this conceptual

model of Redgrave et al. [3] proposed that the original role of the BG may have been

to arbitrate between different demands of multiple sensorimotor systems. Gurney et al.

[4], on the other hand proposed that direct pathway is actually a selection pathway that

selects an action in off-center, on-surround fashion in GPi, whereas the indirect pathway

controls and regulates the action of selection pathway. The BG model by Frank et al.
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Figure 1.2: Functional pathways in BG, (left) normal brain (right) changed lev-
els of neurotransmitters in the Parkinsonian brain.(https://commons.wikimedia.org/wiki/File:DA-

loops in PD.jpg)

[5] stressed on the importance of the hyperdirect pathway implying that it could impose

a ”brake” on action selection by increasing the GPi rates until a decision is reached in

a high conflict decision task. Because DBS is said to effectively decrease the STN rates,

this ability to delay the decision making is lost, hence resulting in impulsivity in PD

patients with DBS.

The BG also receives a large supply of dopamine from the neurons in SNc. These neu-

rons show a phasic increase in activity when the reward is presented and a deficit in

response when the expected reward is omitted [6]. This formed a basis for many re-

inforcement learning based models hypothesizing that BG acts as actor-critic temporal

difference (TD) learning circuit, where the dopamine signal acts as an error signal. Many

models used this concept to explain the bias towards negative outcomes in PD patients

[7], action selection bias during optogenetic stimulation [8] and also showed the proof of

concept in a spiking network model of BG [9]. However, the recent experimental data

shows that dopamine signal is not always a phasic burst, but also a ramp towards the

time point when the reward is received. A recent model shows that a ramp signal is

required if its assumed that the cortico-striatal synapses decay with time [10] but this

is yet to be verified in the experiments.

A third category of models explored the network dynamics of either the BG circuit or
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its subcircuits, for instance van Albeda et al. [11] did a detailed analysis of the BG-

thalamo-cortical loop using a mean field model, showing the transition of BG circuit

from healthy to pathological due to dopamine depletion. Leblois et al. [12] on the other

hand modelled the direct and hyperdirect pathway using the mean field model and pro-

posed that a loss of action selection ability is preceded by synchronous oscillations that

lead to complete loss of action selection. Some models concentrate on network dynamics

in striatum explaining the generation of assemblies [13, 14] whereas others modelled the

GPe-STN sub-circuit to understand the origin of β-oscillations during PD [15, 16].

More recent models have tried to bridge together these various functional aspects, for

instance Humphries et al. [17] linked the phenomenon of action selection to the β-

oscillations known to exist in the GPe-STN circuit and Gurney et al. [18] have de-

veloped a computational framework to explain the effect of reinforcement learning in

cortico-striatal synapses on action selection.

These computational models can also be analyzed on the basis of whether they are

top-down or bottom-up in their approach. A top-down approach usually explores a hy-

pothesis at higher behavioral level and does not investigate its underlying analogs in the

neural hardware. The bottom-up on the other hand starts with the knowledge of neural

circuity, analyzes its dynamics and then assign a higher level function to it. For example

reinforcement learning is a concept on the behavioral level and has its origin in the ma-

chine learning domain [19], where it has been used to train an artificial intelligence (AI)

agents to learn optimal/sub-optimal goal-oriented policies [20]. Computational models

proposed by Frank et al. [7], Potjans et al. [9] explore the underlying neural analogs with

rate-based units and spiking neural networks, respectively, whereas Berthet et al. [8]

explains reinforcement learning in a more abstract model of BG. Computational models

such as those proposed by Leblois et al. [12] or Van Albada et al. [11] however, treat

BG as a dynamical system and suggest function for dynamical state or their transitions.

Research questions

The structure of BG has considerably changed over the years with the discoveries of new

projections, subpopulations and properties of its constituent neurons. The bottom-up

approach in this respect can help in incorporating the role of these novel structural de-

velopments in BG function. This thesis is primarily motivated by such an approach and

uses both mean field as well as spiking network models to study the role of three such
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Figure 1.3: An artistic description of the Evolution of the BG structure over the
years. In last two decades a number of crucial components of the BG anatomy have
been uncovered. Given the feedforward and feedback connectivity within and between
different constituent nuclei, BG is no longer a simple relay network to translate cortical

commands to actions. (Figure courtesy - Sebastian Spreizer).

novel developments in BG structure. I start with the role of striatal asymmetry in set-

ting a bias for a ‘Go’/‘No-Go’ decision. The subpopulations of D1-MSNs and D2-MSNs

in the striatum, which also serve as origins for the competing ‘Go’/‘No-Go’ pathways,

have been considered as interchangeable populations in the computational models so far.

Functionally, this would imply that any bias in a ‘Go’/‘No-Go’ decision is imposed upon

the striatum via external agents, for example from the neocortex through cortico-striatal

inputs. But recent data shows that striatal D1-MSNs and D2-MSNs not only differ in

their electrophysiological properties [21] but also in their recurrent connectivity. If the

striatum has no structural asymmetry present, then it can be considered a passive relay

that passes the cortical bias to its downstream stuctures. However, in view of the recent

data, an innate asymmetry is present in the striatal structure between the D1-MSNs and

D2-MSNs [22] and also in feedforward inhibition MSNs receive from FSI [23]. Therefore,

I investigated the effect of the asymmetry of connectivity between D1- and D2-MSNs
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on the dynamics and function of the striatal bias. I have found that this asymmetry

renders the striatum as a threshold device which enables it to actively manipulate the

cortical input. This work is explained briefly in the section Asymmetry in the striatal

circuit and then in detail in the Chapter 2.

Another nucleus about which novel structural discoveries have been made is GPe, which

is an integral part of the indirect pathway according to the classical rate model proposed

by Albin et al. [2]. The striatal bias is expressed downstream in the BG as a change

in GPi firing rates. If the direct pathway is dominant, it leads to a sufficient decrease

in the GPi firing rates, thus disinhibiting the thalamus and initiating an action. The

dominance of indirect pathway on the other hand leads to insufficient decrease in GPi

firing rates, hence withholding an action. The dominance of indirect pathway might also

play a role in initiating oscillations in the GPe-STN circuit as suggested by the work of

Kumar et al. [15]. However, the structure of GPe, which was widely considered to be a

homogenous population is shown to be composed of at least two sub-populations which

differ in their firing rates and phase relationship with respect to the cortical activity

[1]. Thus, it was important to understand whether the presence of these subpopulations

change the functional role of GPe in BG. This question is addressed in the chapter 3

and also briefly explained in section Functional homologs of BG. In this work, first I

found that many homologous networks of the BG could reproduce the activity reported

in Mallet et al. [1]. Secondly, these networks differ in two functional aspects of the

effects of striatal bias on downstream BG: a) GPi suppression and b) susceptibility to

oscillations. This implies that the traditionally considered model of direct and indirect

pathway is actually a complex myriad of recurrent pathways that can modulate the

aforementioned functional aspects by modulating the strength of projections from GPe

subpopulations. These myriad of pathways might also form a substratum for variability

found in basal ganglia pathologies and their response to therapeutic effects.

GPe-STN nuclei also present an intriguing conundrum in the form of bursty neurons

and their role in the β-oscillations. The β-oscillations in the basal ganglia, primarily

in the GPe-STN circuit show correlation with tremor [24, 25]. It is also observed that

oscillations in the GPe-STN circuit are accompanied with increase in percentage of

bursts in both GPe and STN [26, 27]. Thus far it has remained unclear to what extent

these bursts are responsible for the oscillations or these are merely an epiphenomenon.

Therefore, I explored the function of bursty neurons in the light of oscillations in the

GPe-STN circuit. This work is described in chapter 4 and discussed it briefly in the

section Effect of bursting on GPe-STN oscillations.
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Methods

I used mathematical analysis and numerical simulations of the striatum and BG net-

works. Mathematical analysis was restricted to the mean-field analysis which assumes

that the network operates in a dynamical regime where the statistical properties of all

the neurons are similar and hence the network dynamics could be described by a single

variable representing the average activity of the network. The mean-field analysis of a

reduced model of the BG network is sufficient to elucidate the mechanism underlying

the different dynamical states, study and predict stability of the network activity, study

transient and steady state dynamics of the network.

I used the mean field analysis in the chapters 2 & 3. In the chapter 2 we used the mean-

field analysis to study the stability and steady state dynamics of the striatal network.

This analysis revealed how connectivity within the striatum gives rise to a threshold like

operation in the striatum i.e. the decision transition threshold (DTT). In the chapter 3,

mean-field analysis was used to design the model of BG and study its time dependent

dynamics to various kinds of input. I used genetic algorithms to perform a parameter

search to constrain the mean field model of BG. Empirically, I found that the optimal

results were obtained with a crossover of 2 among the 20 elements and random mutation

rate of 0.1.

The results of the mean-field analysis were corroborated with suitable numerical simu-

lations of network with spiking neurons. This was done for the striatal network in the

chapter 2. Spiking network simulations were also used in the chapter 4 to show the effect

of bursting neurons on the dynamics of GPe-STN network. In the chapter 4, I used a

novel neuron model, state dependent stochastic neuron (SSBN), which was designed to

independently control the firing pattern of the neuron without affecting its f − I curve.

A more analytical treatment of the neuron model and its effects on cortical networks

can be found in Sahasranamam et al. [28]. This neuron model enabled me to study

the effect of burst firing patterns in isolation by keeping the firing rates constant. The

experimental data to constrain the network models was obtained from the published

literature.

All network simulations were implemented in NEST (http://www.nest-initiative.org)[29].

The genetic algorithm was implemented in python. Data analysis was performed using

various open source python libraries, such as SciPy and NumPy libraries and visualiza-

tion were done using Matplotlib[30]. The simulation code to reproduce the key results of

Chapter 2 is available at the github (https://github.com/arvkumar/BasalGanglia/tree/

master/Striatum/striatum d1 d2 network bahuguna 2015).
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Remaining models will also be made available after the publication of the concerned

manuscript.

1.2 Summary of the results

1.2.1 Asymmetry in the striatal circuit

Striatum is the primary input nucleus to BG. It is the largest BG nucleus and it receives

massive convergent input from most of the cortex and some parts of the thalamus. 99% of

neurons in the striatum are inhibitory, the majority of which are recurrently connected

medium spiny neurons(MSNs). 2% of the neurons in the striatum are fast spiking

interneurons (FSIs), which provide feedforward inhibition to the MSNs. There are two

kinds of MSNs present, D1-MSNs and D2-MSNs, depending on the dopamine receptor

they express. Curiously, the two types of MSNs also project almost exclusively to two

competing pathways, i.e. D1-MSNs project to ‘Go’/direct whereas D2-MSNs project

to the ‘No-Go’/indirect pathway. The role of D1-MSNs and D2-MSNs in movement

was also shown by the optogenetic experiment [31], where the D1-MSNs stimulation led

to increased movement, whereas D2-MSNs stimulation led to freezing. Moreover, in a

mouse model of PD, stimulation of D1-MSNs alleviated the freezing, bradykinesia and

movement initiation. If the anatomy of BG is drawn to scale (as shown in figure 1.4),

it can be observed that striatum has about 200 and 300 times more neurons than its

immediate downstream nuclei GPe and GPi, respectively. Because the striatal neurons

(D1-MSNs and D2-MSNs) represent competing pathways, any small difference in the

activity of the D1-MSNs and D2-MSNs will have a strong influence on the downstream

output and the eventual decision (‘Go’ or ‘No-Go’). However, what factors affect the

balance of D1-MSNs and D2-MSNs activity and establish a bias towards ‘Go’/‘No-Go’

in the striatum? Thus far, in computational models of the interactions between direct

and indirect pathways [4, 5, 11, 17], D1-MSNs and D2-MSNs have been considered as

interchangeable inhibitory neuron subpopulations. This implies, that this bias towards

‘Go’/‘No-Go’ is controlled by external agents (e.g. cortico-striatal weights) and striatum

plays a passive role with no modulation on this bias. However, recent experimental data

shows that the connectivity of striatal circuit is asymmetrical and D2-MSNs inhibit D1-

MSNs more than vice versa [22]. Moreover, FSIs also preferentially inhibit D1-MSNs as

compared to D2-MSNs.

In chapter 2, I describe the effect of the asymmetric mutual connectivity of the D1-MSNs

and D2-MSNs using a mean field model and numerical simulations of a spiking neural

network model of the striatum. The study showed that this asymmetry ensures that
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the striatal bias is towards ‘No-Go’ for the same amount of cortical input, proposing

that ‘No-Go’ might be the default striatal state. This might be a desirable property in

order to prevent activation of the thalamus to spurious cortical inputs. The analysis also

proposed the presence of a decision transition threshold (the amount of cortical input

where the striatal bias changes from ‘Go’ to ‘No-Go’) that depends on many factors, for

example - the strength and correlations in the cortical input, activity of FSI neurons,

levels of dopamine etc. These factors also propose possible mechanistic explanations to

observations like akinesia, LID (L-Dopa Induced dyskinesia), dyskinesia due to selective

disinhibition of FSIs, DBS induced impulsivity etc.

correlations caused by shared input is that despite
appearances, there is very little sharing of cortical input
among spiny neurons, even those with almost total
overlap of dendritic fields (Zheng and Wilson, 2002).
Although striatal spiny cells receive a very large number
(>5000) of cortical synapses, they each receive
contacts from a tiny proportion of the cortical axons
arborizing in their vicinity (!380,000). Each spiny
neuron samples the cortical innervation extremely
sparsely, and so there is only a tiny chance that another
cell will sample a substantially similar set of inputs
(Kincaid et al., 1998; Zheng and Wilson, 2002).
Likewise, whereas each striatal spiny neuron receives
inhibition from as many as 500 other spiny neurons in
its vicinity, these inputs are located on distal dendrites,
are weak and asynchronous (Koos et al., 2004) and
unless experimentally made to fire synchronously do not
produce spike-timing correlations that can be detected
using the usual methods.

Perhaps the absence of spike-timing correlations
among GPe, GPi, or SNr cells is likewise because they
do not share a large proportion of their striatal
innervation. About half (1.4 million in the rat) of the
striatal neurons are indirect pathway neurons, and each
makes about 226 synapses in a specific restricted part
of the GPe also targeted by nearby striatal cells.
(Kawaguchi et al., 1990). GPe cells’ dendrites extend
nearly a millimeter in length and so may receive
synaptic inputs from axons contained in a large
subregion of the nucleus (e.g. Kita, 2007). Because
there are so many striatal neurons and so few pallidal
neurons, it is unlikely that the up to !226 (of the
46,000) rat GPe cells sharing input from one striatal
neuron also share input from many or even any of the
others, and so the overall degree of structural
correlation imposed by sharing of striatal inputs may be

extremely small. Likewise for the projections of the !1.4
million direct pathway striatal spiny neurons that make
synapses on 3,200 GPi (entopeduncular nucleus) or
26,300 SNr cells in the rat.

This argument has also been applied to the GPe to
STN projection in an elegant combined anatomical and
physiological study by Baufreton et al. (2009). They
showed that each STN-projecting GPe neuron makes
!273 synapses distributed on a somewhat smaller
number of the 13,600 STN neurons on each side. They
calculate that each STN neuron receives input from
less than 2% of GPe–STN afferents. On this basis,
they conclude that the proportion of inhibitory pallidal
inputs shared by STN neurons likewise averages less
than 2%.

The subthalamic nucleus receives excitatory inputs
from the thalamus and cortex. The number of thalamo-
subthalamic neurons is not known, but a recent paper
by Kita and Kita (2012) indicated that an enormous
number (as many as 5–10%) of cortical layer V output
neurons in frontal regions of the cortex may each
contribute a small number (<100) of boutons to the
dense cortico-subthalamic innervation. Like the other
projections from large neuron populations to smaller cell
groups in the basal ganglia, the cortico-subthalamic
projection may also fail to produce a large degree of
input sharing among neurons.

This argument may even apply to the STN–GPe
projection, despite the fact that the cell number ratio is
reversed. The reason is the apparently small number of
STN-derived synapses formed on each GPe cell. The
rat subthalamic nucleus contains about 13,600 neurons,
about 80% of which project to the GPe (Koshimizu
et al., 2013) to form a major excitatory innervation of the
GPe (Kita, 2007). Using the estimates of Kawaguchi
et al. (1990) for the striato-pallidal projection, there are

Fig. 1. The connectivity of the basal ganglia in the rat. Cell numbers decrease dramatically from the neostriatum to the output cells of the GPi
(entopeduncular nucleus in the rat) and SNr. However, the most critical numbers for input sharing are the number of synapses made per neuron in
target structures. These numbers are mostly available for the GPe, but not for the other non-striatal nuclei.

C. J. Wilson /Neuroscience 250 (2013) 467–482 469

Figure 1.4: Different BG nuclei are drawn to describe their relative size in terms of
neuron populations. (Figure take from Wilson et al, 2013)

1.2.2 Functional homologs of basal ganglia

The human brain is characterized by large inter-individual variability in parameters on

all levels, i.e. structural and functional connectivity, single neuron and synapse proper-

ties etc. In fact, inter-individual behavior variability could be explained by variances in

the activity and functional connectivity among different brain regions [32–34]. For in-

stance, Seeley et al. [32] showed that activity in dorsal anterior cingulate cortex (dACC)

and dorsolateral prefrontal cortex can predict individual differences in cognitive mea-

sures like anxiety. Smith et al. [34] showed a strong correlation between high values of

subject measures (SMs) like “fluid intelligence”,“list sorting working memory test”,“oral

reading recognition test” etc. and high weight of connectivities in the connectomes of

the individuals.
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While it is tempting to think of variability in the neuronal networks as a predictor of

behavioral variability, it is very difficult to define and quantify the variability in neu-

ronal and network properties because of the large number of parameters involved. For

example, lets consider the variability in the dACC. The variability in its functional con-

nectivity could be caused by the variability in both auto-correlation and cross-correlation

of the activity. That is, for functional connectivity variability there is effectively only

one degree of freedom. However, variability in structural connectivity of dACC will have

have as many dimensions as number of synapses in dACC. The situation becomes worse

if different combinations of structural connectivity parameters lead to similar kinds of

network activity. Such networks are called homologous networks. It is very likely

that there is a variance in structural connectivity either because of the nature (genetic

tendencies) or nurture (plasticity in response to environmental factors). It then becomes

necessary to explore how much variance in the structural parameters is permissive to

still yield the same dynamical properties.

On the other hand, it also possible that a complete disparate set of parameters leads

to similar kind of network activity. This has already been observed in modelling work

of pyloric network of the crustacean somatogastric ganglion [35], as shown in figure 1.5.

Such homologies could provide implementation grounds for compensatory plasticity or

homeostatic mechanisms.

In the chapter 3, I describe a mathematical framework to study such network homologies

using the new data about GPe consisting of two dichotomous subpopulations instead of

being a homogenous structure.

A genetic algorithm was used to perform a search for 20 free parameters in a mean field

model related to the two GPe populations (arkypallidal and prototypical) so that certain

firing rate and phase relationships are met as described in Mallet et al. [1]. I found that

many parameter combinations meet the criteria for putative pathological and healthy

network activity. Hence such networks are homologous with respect to the criteria

described in [1]. These homologous networks were analyzed by functionally classifying

them in a two dimensional space of dynamical features - a) GPi activity suppression and

b) susceptibility to oscillations during a transient pulse of cortical activity. I found that

the putative pathological networks showed either a deficit in one of the features (e.g.

low GPi suppression or high susceptibility to oscillations) or both of the features. The

majority of putative healthy networks on the other hand scored high on both features

(high GPi suppression and low susceptibility to oscillations) but some of them showed

one or more deficits.

It was also explored which two parameters need to be manipulated if transition is to

be made from one functional group to another (for example, from weak to strong GPi
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Figure 1.5: Similar model-network activity from different network parameters. (a,b)
Voltage traces from two model pyloric networks. (c) The membrane (top) and synaptic
conductances of the model network shown in a. (d) The membrane and (top) synaptic

conductances of the model network shown in b. (From Prinz et al. 2004).

suppression). These parameters can serve as targets for symptomatic therapy in PD.

Since these parameters were calculated on the basis of the mean of the distributions,

the transition occur with a probability. These transition probabilities were quantified

into a transition probability matrix that gives information like which network states are

closest to each other (high transition probability) on the dynamical feature manifold.

This information can be used in the context of disease progression and study the variance

in the effect of therapies on patients.

1.2.3 Effect of bursting on GPe-STN oscillations

PD is a degenerative brain disease caused by the progressive loss of dopaminergic neu-

rons in substantia nigra pars compacta (SNc) region of the BG. Experimental studies

have recorded an increase in β-band (15-30 Hz) power in the local field potential (LFP)

measured in BG in PD patients [36–38]. These oscillations in the β band are correlated

with motion related deficits like rest tremor and akinesia[39]. The interaction of STN

and GPe is widely accepted as the origin of these oscillations. One of the causes could be

the strengthening of the indirect pathway (reduced GPe activity) or increased input to
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the STN (increased STN activity). which was shown to be enough to initiate oscillations

in the GPe-STN circuit [15].

Electrophysiological data from monkey models of PD also revealed that the proportion

of spikes which are part of bursts is significantly increased in the PD animals [26, 27].

Suppression of the β-band oscillations in the PD animals by L-dopa administration

and GPe lesioning reduced the percentage of bursting spikes thereby showing that the

increased bursting activity in STN and GPe is intrinsically linked to the presence of

oscillations in BG. However, it is not clear whether the bursting and oscillations share a

causal relationship or increase in burst firing during pathological oscillations is merely

an epiphenomenon.

In the chapter 4, I describe the effect of bursting on oscillations in a spiking network

model of GPe-STN. In order to disentangle the effect of firing rates and firing patterns

(bursting) on the oscillations, I use a novel neuron model: state-dependent stochastic

bursting neuron (SSBN) model [28]. In a typical neuron model, a change in the firing

pattern is accompanied with a change in its input response (f − I curve), making it

difficult to compare solely the effect of the firing patterns. The SSBN model not only

allowed a flexible control over the number of spikes per burst but also ensured that the

f − I curve of the neuron would remain the same irrespective of the number of spikes

in a burst.

The effect of bursting was investigated by systematically replacing the non-bursting

neurons neurons by SSB neurons in an incremental fashion in both STN and GPe. I

quantified the effect of bursting on the network dynamics in different activity regimes.

The STN-GPe network was tuned in different activity regimes by changing the external

drive to the STN and GPe neurons. We observed that effect of bursting on the network

oscillation was contingent on the initial network regime. An increase in faction of burst-

ing neurons in the GPe always increased the β band oscillations. On the other hand, an

increase in fraction of bursting neurons in the STN neurons could both enhance or sup-

press the oscillations. When the initial network state was weakly oscillatory, an increase

in GPe bursting enhanced the oscillations while increase in STN bursting restored the

asynchronous, non-oscillatory state. However, if network regime consists of strong oscil-

lations characterized by reduced GPe activity or increased STN activity, STN bursting

was not enough to suppress the oscillations.

These results suggest that operating at the borderline of asynchronous/synchronous

regime could enable the GPe-STN circuit to generate (GPe bursting) and suppress (STN

bursting) oscillations at short time scales which are also seen in healthy animals [40].

In advanced state of the PD, the STN-GPe network operates in a strong synchronous
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activity regime and in that regime STN bursting can no longer suppress the oscillations

hence causing persistent oscillations as seen in PD.

1.3 Key advancements

Taken together the results presented in this thesis have

• I propose that the asymmetry in the striatal circuit renders it a threshold device

that can actively modulate the cortical input (DTT). This is a novel contribution,

since thus far, the computational models have considered striatum as a passive unit

in terms of a ‘Go’/‘No-Go’ bias, which is considered to be imposed by external

agents like cortico-striatal weights. The modulation of DTT by external agents

give possible mechanistic explanations about phenomenon like akinesia, LID (L-

Dopa Induced dyskinesia), dyskinesia due to selective disinhibition of FSIs, DBS

induced impulsivity etc. (See Chapter 2).

• I propose the possibility of homologous networks in BG and a framework to analyse

these homologies. Such work has not been done in the context of BG modelling, to

the best of my knowledge. These homologies could also form the basis of variance

that is observed in manifestation of PD as a pathology. I also predict the effective

connectivities of projections from/to the newly found GPe-sub-populations, which

can be verified with further availability of experimental data. (See Chapter 3).

• I propose that the effect of GPe-STN bursting on the network dynamics is state-

dependent. This might elucidate on the recurring question whether the GPe-

STN bursting is responsible for oscillations or merely an epiphenomenon. I also

propose a hypothesis providing a plausible explanation about the presence of short

lived oscillations in healthy state and mechanism of transformation into persistent

oscillations in the pathological state. (See Chapter 4).
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2.1 Introduction

The basal ganglia (BG) are a set of nuclei, located at the base of the forebrain, which

play a crucial role in a variety of motor and cognitive functions. The striatum is the

main input stage of the basal ganglia, receiving inputs from widely distributed areas in

the cortex [41], and projecting to the BG output nuclei Globus Pallidus Interna (GPi)

and Substantia Nigra (SNr) via the so-called direct and indirect pathways, respectively

[42]. The integration of multi-modal sensory signals with motor and/or cognitive inputs

in the striatum sets the stage for action selection. Therefore, to understand the com-

putations performed by the basal ganglia, it is of key importance to characterize the

dynamical properties of striatal network activity.

Nearly 95% of the neurons in the striatum are inhibitory medium spiny neurons (MSNs).

14
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The remaining 5% are inhibitory interneurons, such as fast spiking interneurons (FSIs)

and tonically active neurons (TANs) [43]. The MSNs are classified as D1 and D2 type

neurons, depending on their dopamine receptor expression. Interestingly, D1 MSNs

project to the GPi and SNr, forming the direct pathway, whereas D2 neurons project

to Globus Pallidus Externa (GPe), forming the indirect pathway [42]. Consistent with

basal ganglia anatomy and previous models [4, 5, 17], selective activation of D1 MSNs in

the rat increases ambulation, whereas selective activation of D2 MSNs increases freezing

behavior [31]. However, a complete shutdown of activity in either of the two neuron sub-

populations might not occur in awake behaving animals [44]. In such a scenario,though,

action selection could still be performed by a relative increase in the activity of one

subpopulation compared to the other.

Thus far, in computational models of the interactions between direct and indirect path-

ways [4, 5, 11, 17], D1 and D2 MSNs have been considered as interchangeable inhibitory

neuron subpopulations. In such single population models, the striatal output is con-

trolled by the strength of cortico-striatal synaptic weights. The recurrent inhibition is

not strong enough to support winner-take-all dynamics as earlier speculated [45], but

may be sufficient to allow for a winner-less competition [14] and may enhance the saliency

of the cortical input representation in the striatum [46]. This, however, is a highly sim-

plistic view of the recurrent inhibition within the striatum and, as will be described

below, is inconsistent with experimental data, especially given the recent findings on the

recurrent connectivity in the striatum.

Recent experiments have shown that D1 and D2 MSNs have quite different anatomical

and electrophysiological properties [21]. Moreover, the striatal circuit also shows a highly

specific connectivity in terms of the mutual inhibition between the MSN subpopulations

[22, 47] and the feedforward inhibition from FSIs [23]. Paired neuron recordings showed

that D2 MSNs make more and stronger connections to D1 MSNs, than vice versa. Fur-

thermore, FSIs preferentially innervate D1 MSNs as compared to D2 MSNs (Fig. 2.1A).

The computational role of this specific connectivity within the striatum is not clear

and cannot be inferred from previous models, which assumed a single homogeneously

connected MSN population in the striatum. Specifically, it is important to identify the

effect of the distinct D1 and D2 connectivities on the competition between the direct

and indirect pathways.

Here we describe the effect of the heterogenous connectivity of D1 and D2 neurons on

their mutual interactions using both a reduced firing rate model and numerical simula-

tions of a spiking striatal network model. We show that the firing rates of both D1 and

D2 MSNs change in a non-monotonic manner in response to cortical input rates and

correlations. Interestingly, higher output rates in D1 than in D2 MSNs, and vice versa,

were observed for separate, non-overlapping ranges of cortical input rate and correlation.

Correlations in the input can further change the range of cortical inputs for which either
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D1 or D2 MSNs have the higher firing rate. Thus, we argue that the striatum acts as

a threshold device for cortical input rates by changing the magnitude of the difference

between firing rates of D1 and D2 MSNs, depending on the level of cortical input rates

and correlations.

Figure 2.1: (A) Schematic of the striatal circuit (B) Steady state firing rates of the
D1 (blue), D2 (red) MSNs and FSI (green) as a function of cortical inputs as estimated
from the linearized mean-field dynamics model of the striatum. Here we consider the
‘multiplicative scenario’ for the extra input the the D1 MSNs. We refer to the crossover
point (λtranCTX), where the bias of striatal activity (∆MSN ) changes from D1 to D2 MSNs,
as the decision transition threshold ≈ 13 Hz here and marked with the dashed line. The
grey and black traces show the firing rates of the D1 and D2 MSNs when they received
cortical inputs with the same strength, respectively. This shows that extra input to D1
MSNs is necessary to activate the ‘direct’ pathway. Otherwise, D1 MSNs cannot have

higher firing rates than D2 MSNs.

While the main determinant of the striatal threshold is the asymmetric connectivity

among the various striatal elements, the threshold is not fixed and can be dynamically

adjusted by the dopamine level, by the connectivity and firing rate of fast spiking in-

terneurons (FSI), and by the GPe activity. That is, changes in the striatal threshold

could reflect changes in the operating point of the striatum, behavioral context, and

learning and reward history.

These novel insights concerning the interactions between direct and indirect pathways

suggest putative mechanistic explanations for the role of striatum in cognitive deficits

such as L-Dopa-induced Dyskinesia (LID), deep brain stimulation (DBS)-induced im-

pulsivity and increased reaction times in Parkinson’s disease (PD) patients.
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2.2 Results

The striatal MSNs expressing D1 and D2 type dopamine receptors initiate the direct

(‘Go’) and indirect (‘No-Go’) pathways of the basal ganglia, respectively. These two

pathways converge in the GPi/SNr, their relative activity balance lets the animal choose

between a ‘Go’ or a ‘No-Go’ action [4, 5]. In this framework, the decision making pro-

cess in the striatum is mediated by the selective activation of one of the two MSN (D1

or D2) subpopulations. However, recent experimental data suggest that such complete

shutdown of activity in either one of the two neuron subpopulations may not occur in

awake behaving animals [44]. Hence, we should consider the alternative possibility that

action selection is performed by a relative increase in the activity of one subpopulation

compared to the other.

Therefore, to understand the effect of the recurrent, mutual connectivity and feedfor-

ward inhibition [22, 23, 47] on the relative balance of the activities in the direct and

indirect pathways we studied the dynamics of the striatal network. Specifically, we eval-

uated the firing rates of the D1 and D2 MSNs, in response to cortical input rates and

input correlations.

2.2.1 D1 MSNs require overall stronger input from cortex than D2

MSNs

Experimental measurements of the mutual connectivity between striatal neurons show

that D2 MSNs make more and stronger inhibitory connections on D1 MSNs than vice

versa [22, 47]. In Lhx6-GFP transgenic mice, FSIs preferentially target D1 MSNs as

compared to D2 MSNs [23] (however cf. [47]). This leads to the following two inequali-

ties: J12 > J21, J1F ≥ J2F , with J12 denoting the connection from D2 MSN to D1 MSN,

J21 the obverse, J1F the connection from FSI to D1 MSN and J2F likewise to D2 MSN

(cf. Table 2.1). These inequalities imply that if the two MSN subpopulations receive

the same amount of excitatory input, D2 MSNs will always have a higher firing rate.

We confirmed this by evaluating the fixed points of the linearized dynamics of the D1 and

D2 MSNs in a mean field model (eqs. 2.25-2.27, Fig. 2.1B – grey and black traces). In

our spiking network simulations this corresponded to a lower mean firing rate of the D1

population compared to the D2 population. This bias might be considered functionally

useful, because for similar input strengths (i.e. when the cortex does not impose any

preference for either direct or indirect pathways), the indirect pathway will dominate

the striatal network dynamics and the ‘No-Go’ would be the default state of the basal

ganglia.
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Connections Strengths

J11 -0.06
J12 -0.21
J21 -0.04
J22 -0.22
J1F -0.09
J2F -0.06
JC1 1.06
JC2 1.0

Table 2.1: Striatal network parameters

Thus, in order for D1 MSN activity (λD1) to exceed D2 MSN activity (λD2), D1 MSNs

must receive either stronger (JC1 > JC2), higher excitatory inputs (λctx d1 > λctx d2),

or more excitatory synapses. Alternatively, D1 MSNs could be more excitable. Indeed,

D1 MSNs have more primary dendrites and a larger dendritic arborization [21], thereby

potentially receiving more inputs. Moreover, pyramidal tract neurons have stronger

connections to D1 MSNs than to D2 MSNs, while intratelencephalic tract neurons in-

nervate D1 and D2 MSNs equally. [41]. Despite this evidence, current data are not

sufficient to determine the exact strength and rate of excitatory inputs to D1 and D2

MSNs. To estimate how much additional excitation would be required for D1 MSNs to

have their firing rates exceed over those of D2 MSNs, we systematically varied the drive

of cortical inputs to D1 and D2 MSNs and calculated the response firing rates of the

two subpopulations, for the firing rate model (Fig. 2). In the following we discuss two

different scenarios for systematically varying the cortical excitatory drive to D1 and D2

MSNs.

2.2.1.1 Scenario I: Increase the relative cortical input rate to D1 MSNs

One possibility is that the cortical input rate to D1 MSNs is higher than to D2 MSNs

while the strength of the cortico-striatal synapses to the two types of MSNs is the same.

This results in an ‘additive’ scenario, in which we kept the strength of the cortical inputs

to D1 and D2 MSNs equal (JC1 = JC2), and systematically increased the firing rate of

the cortical inputs to both D1 and D2 MSNs:

JC1 = JC2

λctx d1 = λCTXJC1 + ∆CTX , ∀(0 Hz ≤ λCTX ≤ 20 Hz), ∀(0 Hz ≤ ∆CTX ≤ 13 Hz)

λctx d2 = λCTXJC2, ∀(0 Hz < λCTX < 20 Hz)

∆CTX = λctx d1 − λctx d2

∆MSN = λD1 − λD2 (2.1)
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Figure 2.2: (A) ∆MSN as a function of λctx d1 and λctx d2 (cf. eqn 2.1), scenario-I.
Diagonal (marked with white line) represents the case that the two MSN populations
receive equal cortical drive (λctx d1 = λctx d2, X = 0.0). With these inputs, ∆MSN is
always negative. This shows the inherent bias towards D2, due to the asymmetrical
connectivity. The area below the diagonal represents the regime of higher input drive
to D1 λctx d1 > λctx d2, X > 0. Off-diagonal bands represent ∆MSN for a constant
difference in cortical input rates (∆CTX) to the two MSN populations. The dashed
line marks the desirable regime of operation for the striatum, in which a systematic
increase in the cortical input can reverse the sign of ∆MSN . (B) ∆MSN as a function
of ∆CTX to the two MSN populations. For a constant value of ∆CTX , ∆MSN changes
depending on λCTX (cf. eqn. 2.1). The oval marks the region where an increase in
the cortical input rates for a constant ∆CTX changes the sign of ∆MSN from positive
to negative, indicating a higher firing rate of the D2 MSNs. (C) Same as in panel A
for the scenario-II (cf. eqn 2.9). In this scenario we considered JC1 > JC2, therefore,
the difference in the drive to D1 and D2 MSNs scales with the difference between JC1

and JC2. Since JC1 > JC2, the diagonal itself lies in a desirable regime, where ∆MSN

changes from positive to negative for increasing cortical input rate. (D) Same as in
panel B for the scenario-II.
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where λctx d1 and λctx d2 denote the total cortical drive to the D1 and D2 MSNs, respec-

tively and ∆CTX denotes the extra excitatory input to the D1 MSNs. This scenario is

equivalent to a state when no learning has happened and the cortex has no preference

for choosing between activating D1 or D2 MSNs. Here, we considered only those pa-

rameter ranges for which neither of the two subpopulations was completely shut down

by mutual and/or recurrent inhibition, because that would be a trivial solution of the

network dynamics, which is also not supported by the experimental data [44].

When the two types of MSNs are driven with identical input rates (λctx d1 = λctx d2),

the output firing rate of D2 MSNs always exceeded that of D1 MSNs, irrespective of the

magnitude of the input rate (Fig. 2.2A: main diagonal, Fig. 2.2B: points corresponding

to ∆CTX = 0.0 Hz). This shows the inherent bias of the striatal network towards higher

firing rates of D2 MSNs [48], for the reasons explained above.

When the input rate to D1 MSNs exceeds that to D2 MSNs by a sufficiently large

amount (here ∆CTX ≥ 2 Hz), D1 MSNs always fired at a higher rate than D2 MSNs,

irrespective of the magnitude of the cortical input rate (Fig. 2.2A: area below the dashed

line, Fig. 2.2B: area corresponding to ∆CTX > 2.0 Hz).

An interesting transitional region was observed when the input rate to D1 MSNs ex-

ceeded that to D2 MSNs by only a small amount (here: 0 Hz < ∆CTX < 2 Hz). In

this case, the ‘winner’ of the competition between D1 and D2 MSNs depends on the

size of the cortical input rates. For small input rates to the two MSNs, D1 MSNs have

the relatively higher firing rates (i.e. ∆MSN > 0 Hz). However, as both input rates

were increased, while maintaining the small difference between the two, the recurrent

inhibition from D2 to D1 MSNs increased such that, beyond a certain input rate λtranCTX

(here ≈ 10 Hz), it exceeded the extra small excitatory drive to the D1 MSNs, resulting

in the output rate of D2 MSNs surpassing that of D1 MSNs (i.e. ∆MSN < 0 Hz). Hence,

in this transitional region with small differences in the excitatory inputs to both MSN

types (0Hz < ∆CTX < 2 Hz), it was possible to have higher firing rate for either of D1

or D2 MSNs, depending on the size of the cortical input drive (Fig. 2.2A, dashed line

and 2.2B, set of points marked by the oval).

Thus, as a consequence of the asymmetric connectivity between D1 and D2 MSNs, the

striatum can generate higher firing rates for either D1 or D2 MSNs, depending on the

cortical input rates to the two, provided the difference between the two inputs is small

enough. As a result, the difference between the two output rates ∆MSN reverses as the

cortical input rate is increased. In other words: due to the asymmetric connectivity

between D1 and D2 MSNs, the striatum can flexibly choose between the direct and the

indirect pathway, depending on the level of the cortical input firing rates. By contrast,

in a regime with a large difference between the excitatory drives to D1 and D2 MSNs,

the striatum would lose this ability to switch between the two, depending on the cortical
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input.

To understand the mechanism underlying the sign reversal we derived an expression for

∆MSN . In this input scenario the dynamics of the two MSN populations are given by:

˙λD1 = −0.01λD1 + S(J11λD1 + J12λD2 + J1FλFSI + λCTX + ∆CTX) (2.2)

˙λD2 = −0.01λD2 + S(J21λD1 + J22λD2 + J2FλFSI + λCTX) (2.3)

To simplify the analysis, we ignored the leak term and considered a linear transfer

function, S(z) = z for which we calculated the fixed point rates λD1 and λD2. It

should be noted that absolute values of parameters are used for the analysis, and to

calculate λD1 and λD2 (eqn 2.4,2.5) correct sign of the various weights must be used i.e.

J11, J12, J22, J21, J1F , J2F are negative and similarly, ∆CTX is positive.

λD1 =
λFSI(J2FJ12 − J1FJ22) + λCTX(J22 − J12) + J22∆CTX

(J22J11 − J12J21)
(2.4)

λD2 =
λFSI(J2FJ11 − J1FJ21) + λCTX(J21 − J11) + J21∆CTX

(J12J21 − J22J11)
(2.5)

where ∆CTX is again the extra excitatory input given to D1 MSNs. The response rate

difference ∆MSN = λD1 − λD2 now reduces to:

∆MSN =
(J2FJ12 + J2FJ11 − J1FJ21 − JF1J22)λFSI + λCTX(J22 + J21 − J11 − J12)

(J22J11 − J12J21)

(2.6)

+
∆CTX(J22 + J21)

(J22J11 − J12J21)

which can be divided into two terms, Inpstr (Eq. 2.7) and Inpadd (Eq. 2.8):

Inpstr =

I︷ ︸︸ ︷
λCTX(J22 + J21 − J11 − J12) +

II︷ ︸︸ ︷
(J2F (J12 + J11)− J1F (J21 + J22))λFSI

(J22J11 − J12J21)
(2.7)

Inpadd =
∆CTX(J22 + J21)

(J22J11 − J12J21)
(2.8)
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Here, Inpstr is a measure of the effective external input, that is, cortical excitation and

feedforward inhibition, each scaled by the recurrent dynamics of the striatum. The first

term in Inpstr(term I) has an effective negative contribution to ∆MSN , due to the higher

effective recurrent inhibition to D1 ((J11 + J12) > (J22 +J21)). The contribution of FSI

inhibition (term II) could be effectively positive or negative, depending on the ratio of

feedforward (J1F and J2F ) and recurrent ((J11 +J12) and (J22 +J21)) inhibition. In our

case, it is negative because (J2F (J11 + J12) < J1F (J22 + J21)). On the other hand, the

additional input (Inpadd) is a positive constant proportional to ∆CTX . That is, ∆MSN

shows a competition between Inpadd and Inpstr.

When λCTX is increased Inpstr increases linearly and exceeds the Inpadd at the value

λtranCTX , thereby switching the sign of ∆MSN from positive to negative (Fig. 2.3B). This

approximative result of the linearized equation without leak was confirmed when we

numerically calculated ∆MSN from the full Eqs. 2.2 - 2.3 (Fig. 2.3C).

Inpstr (Eq. 2.7) is determined by both λCTX and λFSI . Therefore, to understand the

contribution of the activity of fast spiking neurons (assuming their overall contribution

to be negative), we estimated ∆MSN while independently varying λCTX and λFSI (Fig.

2.3A) We found that for a fixed value of λCTX the sign of ∆MSN could be reversed by

an increase in λFSI . Similarly, for a constant value of λFSI the sign of ∆MSN could be

reversed by an increase in λCTX . In fact, in this scenario, ∆MSN reverses its sign with

respect to λCTX even in the absence of feedforward inhibition. Hence we conclude that

the recurrent connectivity between the two MSN populations is the main determinant

of the ∆MSN sign reversal. Note that, in Fig. 2.3B,C we showed the sign reversal of

∆MSN when both λFSI and λCTX increased in proportion (cf. black lines in Fig. 2.3A).

2.2.1.2 Scenario II: Increase the relative strength of cortical projection to

D1 MSNs

Instead of increasing the rate of cortical excitation, we could also increase the strength

of the cortical synapses to the D1 MSNs to provide these neurons with more input. This

gives rise to a second, in this case a ‘multiplicative’ scenario (Fig. 2.2C,D):

JC1 > JC2

λctx d1 = λCTXJC1, ∀(0 Hz < λCTX < 20 Hz)

λctx d2 = λCTXJC2, ∀(0,Hz < λCTX < 20 Hz)

∆CTX = λCTXJC1 − λCTXJC2 (2.9)
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Figure 2.3: The mechanism of decision transition threshold is explained analytically.
(A) ∆MSN plotted for different values of λCTX and λFSI . The dashed line refers
to the case of increasing cortical excitation and feedforward FSI inhibition (as also
discussed in Fig. 2.2A). However, ∆MSN changes from positive to negative along the
rows (keeping λFSI constant and increasing λCTX) and along the columns (keeping
λCTX constant and increasing λFSI). (B) Mechanism for scenario I, ‘additive’ input,
Refer to equations. 2.4-2.8. ∆MSN = Inpstr + Inpadd plotted for increasing values
of λCTX . (C) ∆MSN = λD1 − λD2 as calculated from equations 2.4,2.10. (D) ∆MSN

plotted for different values of λCTX and λFSI . The dashed line refers to the case of
increasing cortical excitation and feedforward FSI inhibition (as also discussed in Fig.
2.2C). However, ∆MSN changes from positive to negative by increasing λFSI for a
constant value of λCTX . (E) ∆MSN = D1eff + D2eff plotted for increasing values of
λCTX . Mechanism for scenario II, ‘multiplicative’ input. Refer to equations 2.13-2.14.

(F) ∆MSN = λD1 − λD2 as calculated from equations 2.21,2.22.

This scenario refers to a state in which cortico-striatal projection strengths have been

modified in favour of D1 (and possibly also D2, but less) MSNs, due to synaptic learning.

As in scenario I, we estimated ∆MSN by systematically varying the input rate (λCTX)

and the strength of the cortico-striatal projections (JC1, JC2). Notice that in this

‘multiplicative’ scenario the difference between the input drives of D1 and D2 MSNs

increases proportionally with λCTX . Because the cortical input to D1 MSNs is now

enhanced by the larger synaptic strength (JC1 > JC2), the diagonal in Fig 2.2C is no

longer in the regime where D2 MSNs dominate (∆MSN < 0). Similarly to Scenario I,

also here also we found only a very small regime of input drive for which either D1 or

D2 MSNs can have higher firing rate as cortical input rate is changed (the oval area

marked in Fig 2.2D). Therefore, we argue that for a flexible switching between direct

and indirect pathways the difference between the input rates/weights to the two MSN
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populations and their outputs rates should be small.

As in the ’additive‘ scenario, we performed a simplified analysis of the dynamics of

equations 2.21 and 2.22 without leak term and a linear transfer function and found the

fixed point rates λD1 and λD2:

λD1 =
λFSI(J2FJ12 − J1FJ22) + λCTX(JC1J22 − J12JC2)

(J22J11 − J12J21)
(2.10)

λD2 =
λFSI(J2FJ11 − J1FJ21) + λCTX(JC1J21 − J11JC2)

(J12J21 − J22J11)
(2.11)

∆MSN now reduces to

∆MSN =
λFSI(J2F (J12 + J11)− J1F (J22 + J21))

(J22J11 − J12J21)
(2.12)

+
λCTX(JC1(J22 + J21)− JC2(J12 + J11))

(J22J11 − J12J21)

This expression can be split into the effective contributions of D1 (D1eff ) and D2

(D2eff ), respectively:

D1eff =
λCTXJC1(J22 + J21)− λFSIJ1F (J22 + J21)

(J22J11 − J12J21)
(2.13)

D2eff =
−λCTXJC2(J12 + J11) + λFSIJ2F (J12 + J11)

(J22J11 − J12J21)
(2.14)

Cortico-striatal projections are stronger than interneuronal projections to MSNs, there-

fore, JC1 > J1F and JC2 > J2F , and hence, D1eff is positive and D2eff is negative. At

low cortical rates, | D1eff | is larger than | D2eff | due to the scaled cortical excitation

for D1 (JC1 > JC2) and hence, the D1 type neurons dominate. However, for higher

cortical driving rates, stronger feedforward inhibition to the D1 MSNs ensures that D2

MSNs exceed the firing rates of D1 MSNs, reversing the sign of ∆MSN (Fig. 2.3D). The

values are qualitatively similar to ∆MSN calculated numerically from the full Eqs. 2.21

and 2.22 with the leak term and non-linear transfer function (Fig. 2.3F). In general,

as is evident from the Eq. 2.12, the sign of ∆MSN is determined by both λCTX and

λFSI . However, in this input scenario the relation between ∆MSN and the firing rates

λCTX and λFSI is more complex than in the ‘additive’ input scenario. Similarly to the

‘additive’ input scenario, for a fixed value of λCTX the sign of ∆MSN could be reversed

by an increase in λFSI (Fig. 2.3D). However, for a constant value of λFSI , an increase

in λCTX changes the sign of ∆MSN from negative to positive. This is because a large
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value of λCTX is needed to overcome the effect of preferential connections of the FSIs to

D1 MSNs. Indeed, the higher the firing rate of FSIs, the stronger cortical input would

be needed to switch the sign of DeltaMSN . Note that in Fig. 2.3E,F we showed the sign

reversal of ∆MSN when both λFSI and λCTX increased in proportion (cf. black lines in

Fig. 2.3D).

Although, qualitatively the two scenarios I and II yield the same result (compare Figs.

2.2A,B with Figs. 2.2C,D) the mechanisms are slightly different in the two scenarios.

The ‘multiplicative’ input scenario requires preferential inhibition from FSI, whereas the

‘additive’ input scenario relies on asymmetrical projections between D1 and D2 MSNs

(however, see also later in subsection Effect of symmetrical FSI projections on the DTT).

In all subsequent analyses, we used the scenario II, keeping JC1 > JC2 and maintaining

identical input rate λCTX to both D1 and D2 MSNs. The reason is that scenario I is

not suitable to compare the effect of input correlations, as this requires the input rates

for D1 and D2 MSNs to be equal.

2.2.2 Decision transition threshold in the striatum

To obtain further insight into the activity balance of D1 and D2 MSNs, we considered

a state of the striatum in which the cortico-striatal projections had been strengthened

for a particular ‘Go’ task (JC1 > JC2, that is, the ‘multiplicative scenario’ in more

detail). This scenario is shown for the firing rate model in Fig. 2.1B and for the spiking

neural network in Fig. 2.4). In this state, we estimated the difference between D1 and

D2 MSN output rates as a function of cortical input rate. For a constant difference

in synaptic strength to D1 and D2 MSNs (∆J = JC1 − JC2 = const), the difference

between the output firing rates of D1 and D2 MSNs (∆MSN ) changes from positive to

negative as the cortical input rate increases (Fig. 2.1B and 2.4 ). That is, the response

of the striatum to a range of cortical input rates can be divided into two regimes: a

regime where D1 firing rate exceeds D2 firing rate and a regime where this situation

is reversed. At the transition point λtranCTX , the D1 and D2 firing rates are equal. This

behavior can be interpreted as a striatal bias towards the ‘Go’ pathway below a certain

cortical input rate (λCTX < λtranCTX), switching to a bias towards the ‘No-Go’ pathway

for higher cortical input rates (λCTX > λtranCTX) (cf. Fig. 2.4A,B and 2.1B).

The cortical input rate (for a constant difference ∆CTX) at which ∆MSN changes its

sign, switching the striatum from a putative ‘Go’ to ‘No-Go’ mode, can be referred to

as decision transition threshold (DTT). That is, the striatum acts as a threshold device,

indicating the change in the cortical input rates by the sign of the difference between the

firing rates of D1 and D2 MSNs – higher D1 activity reflecting lower cortical input rate
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Figure 2.4: Mean firing rates of D1 and D2 MSNs populations for different cortical
input rates with constant difference between the drives to the two populations (scenario
- II cf. eq. 2.9). The DTT in this case is ≈ 20 Hz. The rasters and PSTH for the spiking
activity for D1 and D2 MSNs are shown for two points, before and after crossing the
DTT. (A) (top) Rasters for D1 and D2 populations at λCTX = 10.0Hz. (Middle)
PSTHs for D1 and D2. (Bottom) Difference between the firing rates of D1 and D2
(i.e ∆MSN ). Notice that the firing rate of D1 MSNs is higher than that of D2 MSNs
(∆MSN > 0). At the decision transition threshold, the bias switches from D1 to D2.(B)

Same as (A) but at λCTX ≈ 25Hz, where ∆MSN < 0.

and higher D2 activity reflecting higher cortical input rate. Therefore, we propose that

the asymmetric striatal connectivity allows it to ‘sense’ small changes in the cortical

activity reaching the striatum and to modulate the balance between ‘Go’ and ‘No-Go’

states of the basal ganglia accordingly.

Here we considered the scenario in which the sign of ∆MSN changes from positive to

negative i.e. going from ‘Go’ to ‘No-Go’ bias. It is possible to tune the strength of

FSI inputs such that initially the striatum is biased towards the ‘No-Go’ pathway and

a subsequent increase in cortical input changes the bias to the ’Go’ pathway (cf. Fig.

2.3C,F).
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Previously, Lo and Wang [49] described the cortico-basal ganglia loop as a DTT for

reaction time tasks. However, in their model, the striatum was considered a passive

unit, the threshold of which could be tuned by the strength of cortico-striatal synapses.

In our model, for the first time, we describe the striatum as an active participant in

deciding the level of DTT. It should however be noted, that our model explores the

DTT under steady state conditions only. In this regime, the striatal network settles

into stable fixed points (cf. Materials and Methods) and, therefore, the DTT is a stable

network state as well. A DTT might also emerge as a transient state in the network

dynamics in the presence of additional mechanisms like short term and/or long term

plasticity of cortico-striatal and/or striato-striatal synapses and intrinsic plasticity of

striatal neurons. Further exploration of such mechanisms is, however, beyond the scope

of the present work. The presence of such dynamic DTT suggests several possible con-

trol mechanisms, that may set the bias towards either of the two pathways along the

basal ganglia downstream nuclei, depending on the animal behavioral state, motivation

and acquired learning. In the following sections, we describe three possible mechanisms

that can modify the balance of D1 and D2 activity by modulating the level of the DTT,

thereby rendering it as a dynamic variable.

In a standard feedforward model of the basal ganglia, the GPi activity can indicate

the higher activity of D1 (D2) MSNs by decreasing (increasing) its activity around the

baseline. However, recent data shows that the basal ganglia network is more complicated

than the simple feedforward (cf. review by [50]). In future it would be important to

show that whether GPi can change its activity according to the D1 and D2 MSNs firing

rate differences in a more updated model of the basal ganglia.

2.2.3 Robustness of DTT

In the above the DTT was demonstrated assuming that the firing rate of the cortical

input and the difference between the input to the D1 and D2 MSNs (∆CTX) remaines

constant, but in more realistic conditions the input rate and ∆CTX could both be ran-

dom variables. Therefore, we tested the viability of the concept of DTT when the mean

firing rate of the cortical inputs to the D1 and D2 MSNs was chosen from a low-pass

filtered noise. In addition, the extra input to the D1 MSNs was chosen from a low-pass

filtered noise. To quantify the DTT we measured ∆MSN in pre-DTT and post-DTT

regions (Supplementary Fig. S1). It is obvious that when ∆CTX is noisy the difference

between the firing rate of the D1 and D2 MSNs around the DTT decreases, however

∆MSN in the pre-DTT and post-DTT remains larger enough to be reliably measured

(Supplementary Fig. S1). When the standard deviation is increased upto 50% of the
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mean value of the ∆CTX , both pre-DTT and post-DTT areas decreased only by 20%

(Supplementary Fig. S1). Correlations in the spiking is another way of generating tran-

sient fluctuations in the input to the D1 and D2 MSNs and the effect of correlation

induced fluctuations is described below (cf. subsection Effect of cortical spiking activity

correlations on the DTT)

In addition to the input rate fluctuations, the connectivity between the D1 and D2

MSNs could also be different from what we have previously used. Therefore, we tested

the robustness of DTT for variation in the chosen values of striatal network connectivity

(e.g. J11, J12 etc.). There are up to eight network connectivity parameters (cortical

input to the two MSNs populations, mutual and within MSNs connectivity and MSN

and FSI connectivity) which could potentially affect the existence of DTT. We system-

atically varied all the parameters (except the FSI connectivity to the MSNs) by ±100%

around their mean values (as used throughout this manuscript). Visualisation of this

high dimensional parameter space is difficult. Therefore, here we checked if DTT exists

when only one of the parameters is varied systematically by ± 100% of its mean value,

while other parameters can take any value between ± 100% of their mean value. A DTT

is said to exist if ∆MSN for increasing values of λctx and the given parameter combi-

nation changes sign from positive to negative values exactly once. This was detected

algorithmically as well as by visual inspection. Indeed, DTT is a robust to such changes

in the network connectivity and for every parameter we tested here (cortical inputs to

the MSNs and within and mutual connectivity of MSNs), we can find DTT (cf. Supple-

mentary Fig. S2 A-F). Only for very small values of the within connectivity of the D1

and D2 MSNs (J11 and J22), we could not find a solution for DTT. In addition, we also

checked the existence of DTT for various pairs of the network connectivity parameters

(e.g. J21 Vs J11). While there are some forbidden regions in which DTT does not exist,

for a larger variations in the striatal connectivity, DTT can be observed (Supplementary

Fig. S2). When the existence is visualised as a scatter diagram as a function of a pair

of the network connectivity parameters, the mean of these clusters lie very close to the

values we have used throughout this manuscript.

2.2.4 Effect of cortical spiking activity correlations on the DTT

Task related activity in the cortex is modulated both in firing rates and in spike cor-

relations [51]. Here we investigated how spike correlations in the cortical inputs to

the striatum may affect the balance between D1 and D2 MSNs. Injection of corre-

lated inputs to a population of MSNs requires the separation of input correlations into

two categories [46]: correlations arising due to convergence of cortical projections onto
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individual neurons, i.e correlations within the pool of pre-synaptic neurons seen by indi-

vidual MSNs (in the following referred to as ‘within’-correlations - W ) and correlations

arising due to divergence of cortical projections, i.e. correlations between the pools as

seen different MSNs, the so-called shared input (in the following referred to as ‘between’

correlations - B) (cf. Materials and Methods and Fig. 2.5A). Note that, because both

B and W correlations arise from convergent and divergent projections of the same pre-

synaptic population, between correlations are always smaller than or equal to within

correlations(B ≤ W [52, 53],cf. Materials and Methods).

To understand the effect of input correlations on the balance of D1 and D2 MSN activity,

we independently varied both within and between input correlations while maintaining a

constant input rate (MIP model in [54]). These simulations were only performed for the

spiking neural network model since modelling correlations in a mean field model is non-

trivial, especially when post-synaptic neurons are recurrently connected. (cf. Materials

and Methods, Fig. 2.5A). As expected, within-correlations affected the individual firing

rates in a non-monotonic manner [54] for both D1 and D2 MSNs. For weak input

correlations, as D1 MSNs form stronger synapses with cortical afferents, (JC1 > JC2;

scenario II), D1 MSNs spike at higher rate than D2 MSNs (Fig. 2.5B). For high values of

W the MSNs operated in a so called ‘spike-wasting’ regime, because the average count of

coincident spikes (or the input variance) exceeded the spike threshold [54] and therefore,

W caused no difference in the output firing rates of D1 and D2 MSNs (Fig. 2.5C).

That is, the difference in the firing rates of D1 and D2 MSNs (∆MSN ) changed non-

monotonically as a function of W , reaching its maximal values for W = Wopt 6= 0 (Fig.

2.6A,B).

The effect of W on ∆MSN was further modulated by the between-correlations (B). For

W < Wopt, increasing B resulted in a monotonic increase in ∆MSN . In this regime, B

increased the correlation within D1 and D2 MSNs and, thereby, increased the effective

inhibition of one population by other, and vice versa. Because D1 MSNs received input

with a slightly higher strength (JC1 > JC2; scenario II), B induced more synchrony

among D1MSNs and, hence, they were better able to inhibit the D2 MSNs (Fig. 2.5E).

However, this held only over a smaller parameter regime, because by design B cannot

exceed W (cf. Materials and Methods). For W ≥ Wopt, ∆MSN decreased monotonically

with increasing B. In this regime, an increase in B enhanced the correlations within D1

and D2 MSNs, hence amounting to a ‘wasting of recurrent inhibition’ [46]. Increased

correlations within D1 and D2 MSNs created strong but only short lasting inhibition

leaving out longer lasting time windows without any recurrent inhibition (Fig. 2.5D). In
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Figure 2.5: In all examples the striatum network was configured according to the
scenario-II and D1 MSNs received inputs with higher strength than D2 MSNS. Both
MSN populations received cortical input at 7 Hz. (A) Scheme describing the two types
of input correlations: W refers to correlations among the pre-synaptic neurons of a
single MSN. B′ refers to correlation among the pre-synaptic neurons of two different
MSNs.(B)B′ = 0.01, W = 0.01, raster(top) and population activity (bottom). For these
inputs the activity of the D1 and D2 MSNS is uncorrelated and, therefore, exerts
less effective inhibition on the other population. Because D1 MSNs are configured in
the scenario-II, D1 MSNs have a higher average firing rate. (C) B′ = 0.01, W = 0.33.
This value falls in the range of W < Wopt. Here D1 operates in the ‘spike-wasting’
regime and, hence, cannot effectively inhibit D2, in spite of a higher drive from cortex
(D) B′ = 0.21, W = 0.33. High values of B′ and W leads to wasted inhibition due to
periods of large correlated activity, followed by long periods of quiescence (E) B′ = 0.21,

W = 0.01. For W < Wopt, B increases ∆MSN .
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Figure 2.6: (A) ∆MSN as a function B and W when the two MSNs population
received cortical input with a firing rate of 7 Hz. Here, we considered the scenario-
II and set JC1 = 3.6 nS,JC2 = 3.0 nS). At this input rate and with uncorrelated inputs
(B = W = 0), D1 MSNS have higher firing rates. The black contour marks the
region beyond which ∆MSN is close to zero. All the values are concentrated below the
diagonal, because of the constraint : B ≤ W . ∆MSN varies non-monotonically as a
function of W for a constant value of B. Dotted arc marks the Wopt for a given firing
rate where ∆MSN is maximal. For W ≥ Wopt, increasing B decreases ∆MSN . For
values W < Wopt, increasing B increases ∆MSN . (B) same as in (A), for input rate of
23 Hz. Wopt has shifted to 0.3 as compared to 0.2 in panel A. (C) ∆MSN as a function
of W and input firing rate for B′ = 0.01. The space spanned by the input firing rates
and W can be divided into three distinct regimes. Low W and high firing rates, ∆MSN

is negative(blue colours) and the output of the striatum is biased towards D2 MSNs
(‘No-Go’ pathway). In the regime where W ≈ Wopt, D1 MSNs have higher firing rate
than D2 MSNs and the striatum output is biased towards the ‘Go’ pathway. The third
regime spans across very high values of W in which both D1 and D2 MSNs operate
in a spike wasting regime and, therefore, ∆MSN is very low. This regime we define
as ‘Region of High-Conflict’ (RHC). Because higher firing rates for D1 and D2 MSNs
are observed in non-overlapping regions in the space spanned by input correlation and
rates, we argue that the striatum may act as a threshold detector and signal the state
of cortical inputs by raising the relative activity of D1 or D2 MSNs over the other,

respectively.

the absence of sufficiently long-lasting recurrent inhibition the difference ∆MSN mono-

tonically decreased (Fig. 2.6A,B).

Previously, we have shown that shared inputs (B > 0) reduce the signal-to-noise ratio

and the contrast enhancement in the striatum [46]. Our results here now show that the

‘between’-correlations could play an even more important role in initiating the action-

selection process in the striatum. However, whether B correlations improve or impair

action selection strongly depends on the ’within’-correlations. (Fig. 2.6). With an in-

crease in the cortical input rate, the amount of inhibition experienced by a MSN in the

striatal network also increases due to the increase in MSN firing rates. This requires

more coincident excitatory inputs (i.e. higher W ) to overcome the increased inhibition

and to drive the output neurons above firing threshold. Thus, Wopt increases with an
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increase in input rates (compare Fig. 2.6A and 2.6B). That is, an increase in cortical

input rates broadens the dynamic range of the interaction between B and W by increas-

ing Wopt (Fig. 2.6C, also discussed in [54]).

These results show that the striatum also acts as a threshold device for cortical input

correlations, in the same way we had shown above for cortical input rates. To illustrate

this, we plotted ∆MSN as a function of the cortical input rates and within correlations

(W ), for a fixed value of B (Fig. 2.6C, cf. Supplementary Fig. S4). Here, we can define

three regions in the space of input firing rates and input correlations, for which ∆MSN

is positive, negative and zero respectively (Fig. 2.6C), reflecting how the striatum will

react to the first and second order statistics of the cortical inputs by activating the di-

rect, the indirect or none of the two pathways. While the direct and indirect pathways

reflect the striatal preference for a ‘Go’ and ‘No-Go’ action, respectively, ∆MSN ≈ 0

could reflect a state of high conflict where it is useful to halt the decision making process

until more information is available.

2.2.5 Effect of Dopamine on the DTT

MSNs express D1 and D2 types dopamine receptors forming the direct and indirect

pathways of the BG, respectively. Dopamine affects striatal function by modulating

the intrinsic excitability of the MSNs and synaptic weights [55] and synaptic plasticity

[56, 57] of the cortico-striatal projections. Because we are interested in how striatum

processes cortical inputs, here we studied the effect of dopamine-induced modulation in

the strength of cortico-striatal projections. Dopamine induces long term potentiation

(LTP) in cortico-striatal synapses on to D1 MSNs and long term depression (LTD) in

cortico-striatal synapses on to D2 MSNs [55]. This steady state effect of dopamine is

often modelled by changing the weight of cortico-striatal synapses for D1 (JC1) and for

D2 (JC2) [58]. Therefore, in our model we simulated the effect of dopamine depletion by

decreasing JC1 and increasing JC2, whereas higher than normal dopamine was simulated

by increasing JC1 and decreasing JC2.

Thus, in a low dopamine state (e.g. as in PD patients), D2 MSNs received much stronger

cortical input and, therefore, exerted more inhibition on to the D1 MSNs. This shifted

the DTT towards lower cortical input rates (Fig. 2.7A) reducing the regime under which

the direct pathway could dominate the indirect pathway. Consistent with experimental

observations and previous models [4, 5], our model suggests that dopamine depletion

would (1) increase the firing rate of D2 MSNs, thereby, (2) introducing a preference for

‘No-Go’ type actions.
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Figure 2.7: (A) Mean firing rates of D1 MSNs and D2 MSNs populations plotted
for different levels of dopamine. Darker shades of blue (red) correspond to D1 (D2)
MSN activity for higher levels of dopamine. For lower than normal levels of dopamine,
the DTT shifts to the left (from ≈ 19 Hz to ≈ 9 Hz). This decreases the regime with a
bias towards D1 MSNs. For higher than normal levels of dopamine, the DTT shifts to
right (from ≈ 19 to ≈ 27Hz). This, in turn, increases the regime with a bias towards
D1 MSNs. (B) Effect of GPe firing rates on the DTT. Solid lines refer to the normal
state of the striatum. GPe inhibits the fast spiking interneurons, shifting the DTT to
the right (from ≈ 9 to ≈ 14Hz) (dotted lines). Therefore, the regime with a D2 bias
(10 < λCTX < 14, D2 solid red line) now has a bias towards D1 MSNs (blue dashed
line) (C) In dopamine depleted conditions, inhibition of fast spiking interneurons via
GPe is not able to switch the bias from D2 MSNs to D1 MSNs (compare dashed red

and dashed blue lines).

By contrast, in a high dopamine state (e.g. as in PD patients with L-Dopa treatment)

D1 MSNs received much stronger cortical input and were able to maintain higher output

firing rate than D2 MSNs for a wider range of cortical inputs. That is, high dopamine

shifted the DTT towards higher cortical inputs (Fig. 2.7A) and increased the regime

under which the direct pathway could dominate the indirect pathway. Consistent with

experimental observations, our model suggests that an increase in steady state dopamine

levels would (1) increase the firing rate of D1 MSNs [59], thereby, (2) introducing a

preference for ‘Go’ type actions or dyskinesia.

In summary, therefore, synaptic effects of dopamine can be seen as a change in the DTT

of the striatum.

2.2.6 Effect of GPe induced disinhibition of FSI activity on the DTT

Approximately 1% of the striatal neuronal population is composed of parvalbumin ex-

pressing fast spiking interneurons (FSIs) [60]. Despite being only a small portion of the

neuronal population in the striatum, they can strongly modulate MSNs activity due to

their high degree of convergent and divergent connections to the MSNs. Moreover, they



Chapter 2. Decision transition threshold in the striatum 34

form synaptic connections near or at MSN’s somata as opposed to glutamergic synapses

or local MSN axon collaterals, which usually connect to spines or dendritic shafts [61].

Furthermore, recent data suggests that FSIs preferentially inhibit direct pathway MSNs

(D1) as compared to indirect pathway MSNs (D2) [23].

This implies that the activity of FSIs could alter the balance between the direct and

indirect pathways and may even change the DTT. For instance, Fig. 2.4A showed that

for small ∆CTX , D1 MSNs fire at higher rate than D2 MSNs at low inputs, however

an increase in FSI firing rate would inhibit D1 MSNs more than D2 MSNs and, hence,

reduce the DTT. By contrast, a reduction in the firing rate of FSIs will have an opposite

effect. Thus, FSIs could play a vital role in maintaining the default state of the striatal

circuit as a ‘No-Go’ state, which could be changed to a ‘Go’ state by exciting D1 MSNs

more than D2 MSNs. Alternatively, a depletion of FSIs (e.g. as seen in patients with

Tourette syndrome), a reduction in their firing rate or connectivity should reverse this

scenario and enforce a ‘Go’ state as the default striatum state leading to impulsivity-

related behavioral symptoms.

Next to, cortical inputs, also other factors such as back projections from the GPe could

modulate the effect of FSIs on MSNs by modulating their firing rates (Fig. 2.4B).

The effect of GPe on FSIs was modelled in our network model as a constant amount

of inhibition on FSI firing rates. An increase in GPe activity (for instance due to an

increase in STN activity) would effectively release D1 and D2 MSNs from the feedforward

inhibition. However, the effect will be further amplified for D1 MSNs because these

neurons receive more input from FSIs than D2 MSNs do. This can shift the bias from

a ‘No-Go’ to ‘Go’ state for high cortical input rate (as shown in Fig. 2.7B, dotted lines,

for λCTX in the range (10 - 15 Hz)). The same effect of FSI activity can be observed in

the Fig. 2.3D. The same effect is shown for mean field model in Supplementary Fig. S5.

The temporal dynamics of such a modulation by GPe are shown in Supplementary Fig.

S6 for a mean field model.

Thus, an increase in the activity of the would result in shifting the DTT to higher

cortical rates. We argue that increased firing rates in STN might not only maintain a

tight rein on GPi to prevent a premature response in a high conflict decision, as suggested

by [5], but also assist in resolving the conflict in the striatum via pallido-striatal back

projections.

In the dopamine depleted condition when the DTT is very small, the effect of the

GPe back projection might not be able to modulate the DTT any further (Fig. 2.7C).

Similarly, tonically active interneuron (TANs) could exploit the FSI to D1 and D2 MSNs

connectivities by modulating the strength of FSI synapses on to the respective MSNs

[62], thereby, changing the DTT indirectly.
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2.2.7 Effect of symmetrical FSI projections on the DTT

Our model is based on in vitro results from Taverna et al. [22] and Gittis et al. [23].

Taverna et al. [22] showed that D2 MSNs inhibit D1 MSNs more strongly in terms of

numbers of projections and synaptic strengths as compared to vice versa whereas Gittis

et al. [23] showed that in the Lhx6-GFP transgenic mice, FSI has more projections to

D1 than to D2, while the synaptic strengths of the projections to both MSN types are

comparable. While it is unlikely that the preferential connectivity of FSIs to D1 MSNs

is specific to the mouse strain (A. Gittis personal communication), another recent study

by Planert et al. [47] while supporting the results of Taverna et al. [22], did not report

any significant preference in the connectivity of FSIs to D1 MSNs. Thus, even though

Planert et al. drew their conclusion based on only a small number of neurons, the

apparent inconsistency of the data in the two studies requires a reevaluation of the

connectivity of FSIs to MSNs. We, therefore, analysed the striatal dynamics for equal

innervation of MSNs by FSIs.

Symmetrical FSI projections in the additive input scenario

In this case, the inhibition from FSIs is considered same to be the same to both MSN

subpopulations (J1F = J2F = JF ). Therefore, the expression for ∆MSN in Equation

2.6 modifies to:

∆MSN =
(J12 + J11 − J21 − J22)(JFλFSI − λCTX) + ∆CTX(J22 + J21)

(J22J11 − J12J21)
(2.15)

Inpstr =
(J12 + J11 − J21 − J22)(JFλFSI − λCTX)

(J22J11 − J12J21)
(2.16)

Inpadd =
∆CTX(J22 + J21)

(J22J11 − J12J21)
(2.17)

That is, when J1F = J2F = JF the recurrent connectivity between the two MSN

subpopulations (D1 and D2) becomes a more important determinant of the sign of

∆MSN . Given the nature of the MSNs inter-connectivity (J12 + J11 > J21 + J22) and

the preference of FSI projections onto MSNs (JF < 1), Inpstr remains negative and

increases (decreases) with λFSI (λCTX). As a consequence, for a fixed value of λFSI , an

increase in λCTX results in a sign reversal of ∆MSN , thereby, imposing a DTT. On the

other hand, for a fixed value of λCTX , ∆MSN increases with increasing λFSI . However,

note that if ∆MSN is positive, λFSI enhances the magnitude of ∆MSN , whereas when

∆MSN is negative, λFSI attenuates the magnitude of ∆MSN (Fig. 2.8A). Thus, in a

scenario where λFSI and λCTX are comodulated a DTT can be observed (cf. Fig. 2.8A,

solid black line and Fig. 2.8B).
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Figure 2.8: (A) For a ‘additive’ input scenario, the striatum exhibits a DTT, in spite
of the symmetrical feedforward inhibition from FSIs, refer to equations 2.15-2.17. A
DTT is encountered not only along the diagonal (i.e increasing cortical excitation as
well as feedforward inhibition from FSIs-dashed line), but also for clamped value of FSIs
with increasing λCTX . (B) ∆MSN = Inpstr + Inpadd plotted for increasing values
of λCTX . (C) ∆MSN = λD1 − λD2 as calculated from equations 2.2,2.3. (D) In a
‘multiplicative’ input scenario, however, ∆MSN always remains positive for symmetrical
FSI projections along the diagonal. A DTT can be imposed by clamping the FSI rates
at a constant value, while increasing the cortical excitation. (E) ∆MSN = D1eff +
D2eff + commeff plotted for increasing values of λCTX . (F) ∆MSN = λD1− λD2 as

calculated from equations 2.21,2.22.

Symmetrical FSI projections in the multiplicative input scenario

In the multiplicative input scenario, when FSI projections to the D1 and D2 MSN

subpopulations are equally strong (J1F = J2F = JF ), the equations. 2.13 and 2.14

reduce to:

D1eff =
λCTX(JC1(J22 + J21))

(J22J11 − J12J21)
(2.18)

D2eff =
−λCTX(JC2(J12 + J11))

(J22J11 − J12J21)
(2.19)

commeff =
JFλFSI((J12 + J11)− (J22 + J21))

(J22J11 − J12J21)
(2.20)

where commeff is the common FSI feedforward inhibition to both types of MSNs. In

this scenario, an increase in the λCTX for a constant value of λFSI enhances the activity
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of D2 MSNs and, thereby, reverses the sign of ∆MSN from positive to negative imposing

a DTT.

By contrast, for a fixed value of λCTX , ∆MSN increases with increasing λFSI reversing

the sign of ∆MSN (Fig. 2.8D) from negative to positive.

In a scenario where λFSI and λCTX are co-modulated, the sign reversal of ∆MSN opposes

that of the DTT (cf. Fig. 2.8D, solid black line and Fig. 2.8E). This is because commeff

is always positive due to higher effective inhibition to D1 (J12 + J11), and hence, the

sum of D1eff , D2eff and commeff monotonically increases as shown in Fig. 2.8D,E,F.

These results reveal an important role that FSIs can play in shaping the balance between

D1 and D2 MSNs activities. In most cases, FSI activity is likely to be correlated with

the cortical activity impinging onto the striatum. However, subtle changes in the corre-

lation between the FSI and cortical activity can dramatically change striatal function.

Moreover, these results also provide a possible experimental scenario to test predictions

of our model. For instance, selective modulation and clamping of the activity of FSIs

in a behavioural task could be used to determine whether the striatum operates in a

multiplicative or additive mode, and whether FSIs have same the effective connectivity

to both types of MSNs.

2.3 Discussion

Here we studied the dynamical properties of the network of D1 and D2 type MSNs

in the striatum. Specifically, we focused on the firing rates of the D1 and D2 MSNs,

because the relative balance of firing in these neurons is crucial for setting the stage

for action-selection in the basal ganglia and reinforcement learning. Using both mean-

field analysis and spiking network simulations of D1 and D2 MSNs we show that the

experimentally observed asymmetry of recurrent and mutual connections among the

two types of neurons creates a ‘decision transition threshold’(DTT) in the striatum to

choose between the direct (‘Go’) and indirect (‘No-Go’) pathways. Based on this DTT,

the striatum performs a threshold operation on the firing rates and spike correlations

reaching the striatum from the neocortex and uses the outcome to bias the action-

selection.

The analysis of the striatal network dynamics revealed a narrow range of difference

in cortical input rates (∆Ctx), for which it was easy to switch the balance of activity

towards D1 or D2 MSNs. If ∆Ctx is negative, the striatal dynamics are stuck in a state

of constant bias towards D2 MSNs. By contrast, when ∆Ctx is large and positive (more

input to D1 MSNs), the striatal dynamics remain in a state of constant bias towards
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D1 MSNs. Thus, we predict that in order to have a flexible state in which both D1 and

D2 MSNs could have higher firing rates and implement a preference towards either ‘Go’

or ‘No-Go’ actions, the D1 MSNs should receive only slightly higher cortical input than

the D2 MSNs (cf. Fig. 2.2 for details).

A more exhaustive parameter search revealed many possibilities of implementing the

thresholding operation. In an ‘additive’ input scenario, a DTT emerges for a constant

firing rate of FSI and increasing cortical rates and vice versa (Fig. 2.3A) together with

a third, biologically more realistic possibility of correlated firing rates of cortical inputs

and FSIs.

An ‘multiplicative’ input scenario reveals a DTT for the biologically plausible case that

the firing rates of the cortical inputs are correlated with the FSIs (Fig. 2.3F,E). In

addition, DTT can also be observed for increasing FSI firing rates and a constant cortical

excitation (Fig. 2.3D). This raises the issue of having an input-dependent DTT in the

striatum, suggesting a multitude of mechanisms which could control both the existence

as well as the value of the striatal DTT.

When cortical input firing rates and spike correlations are increased, while maintaining

the difference in the firing rates of D1 and D2 MSNs, D1 (D2) MSNs show higher activity

than D2 (D1) MSNs for low (high) input rates and spike correlations (Fig. 2.6C). That

is, in the space of input properties (firing rates and spike correlations) two regions exist

for which either D1 MSNs or D2 MSNs have relatively higher output firing rates. These

two regions are separated by the so called DTT. There is a third region, spanned by

high input correlations (≥ 0.5) in the input parameter space, in which both neuron pop-

ulations have equal firing rates. The notion of DTT in the striatum naturally emerges

as a consequence of the asymmetric connectivity between and among D1 and D2 MSNs

(Figs. 2.1,2.6). However, this does not imply that the DTT is fixed for the striatum. In

fact, controlled modulation of the DTT is desired because it could provide a neuronal

substrate for implementing notions like learning history, behavioral state, or motivation

to perform a task. Furthermore, this view of striatal function can be extended to bet-

ter understand neuronal mechanisms underlying various disorders of the basal ganglia.

We identified several components of the BG network structure and activity that could

potentially control and modulate the DTT.

Recent modelling work [63], shows that striatum maintains a balance of firing of D1

and D2 MSNs for different cortical input rates and this balance is maintained even

when asymmetric striatal connectivity is considered. We investigated this discrepancy

between our observations and those described by Damodaran et al. [63] and tuned the

leaky integrate and fire neurons to closely follow the input current and output firing rate
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(F-I) curves of the D1 and D2 MSNs by adjusting the passive properties of the neuron

(i.e. membrane capacitance, resting membrane potential and time constant) according

to the values described by Gertler et al. [21](Supplementary Fig. S3 A). Using an

asymmetric striatal network of these D1 and D2 MSNs, we show that a DTT exist for

Scenario I (Supplementary Fig. S3 B). That is, different F-I curves and excitability of

the D1 and D2 MSNs is not sufficient to abolish the DTT and create a balance of D1 and

D2 output rates. Damodran et al. [63] used a more complicated neuron model with some

essential morphological features. To understand the reason for the discrepancy between

our results and those described by Damodaran et al. [63], therefore, would require a

more systematic analysis of the striatal connectivity and morphology and integrative

properties of the MSNs, which is beyond the scope of current manuscript.

2.3.1 Modulation of DTT by cortical input correlations

Spike correlations in cortical input to the striatum influence the DTT in a complex

fashion. To better understand the effect of input correlations we separately studied the

role of correlations within and correlations between the pre-synaptic pools of the MSNs.

Previously we had shown that correlations between the pre-synaptic pools of MSNs (B)

tend to reduce the signal-to-noise ratio of the striatal response to cortical inputs [46].

On the other hand correlations within the pre-synaptic pools of individual MSNs (W )

affect the signal-to-noise ratio of the striatal response in a non-monotonic manner. Here,

we found that W correlations also affect the difference between D1 and D2 MSNs activ-

ity (∆MSN ) in a non-monotonic fashion (Fig. 2.6). Interestingly, when input firing rates

result in equal output firing rates of D1 and D2 MSNs, a modulation in W could break

the symmetry and increase the firing rate of either one of the two MSN subpopulations.

The value of within-correlations (Wopt) for which ∆MSN is maximal depends on the

input firing rates and the value of between-correlations (B) (Fig. 2.6).

The effect of between-correlations (or shared inputs) depends on the value of the within-

correlations. In the regime W ≥ Wopt, an increase in shared input (B) decreases the

value of ∆MSN . However, in the regime W ≤ Wopt, an increase in B increases the value

of ∆MSN . Finally, for high values of input correlation |∆MSN | is small and the two

MSN populations have comparable firing rates, indicating the failure of the striatum to

bias an action-selection process.

Such an operating regime could halt the decision making process in high-conflict decision-

making tasks. Indeed, we predict that in high conflict choice tasks, there should be an

increase of correlation in the cortical activity reaching the striatum.
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2.3.2 Modulation of DTT by FSIs

The preferential connectivity of the FSIs to D1 MSNs gives the FSIs, in principle, the

ability to control both the difference in the firing rate of the D1 and D2 MSNs and,

hence, the DTT. For instance, an increase in FSI activity would reduce D1 MSNs ac-

tivity and decrease the DTT whereas a decrease in FSI activity would tip the bias in

favour of D1, and hence the ‘Go’ pathway. Such a decrease in FSI activity could be due

to insufficient excitation from the cortex, or to high input from the pallido-striatal back

backprojections. We suggest that selective modulation of the FSI activity, which could

shift the DTT in the striatum from ‘No-Go’ to ‘Go’, could be a mechanism for decision

making in a high-conflict situation. This functional concept may also help understand

neuronal mechanisms underlying various behavioral phenomena. For instance, the arbi-

tration of FSI via the STN-GPe pathway could explain longer reaction times, required

to respond to a high-conflict decision. Similarly, increased impulsivity in PD patients

with DBS could be explained by the fact that DBS increases GPe firing rates [64], which

would decrease the activity of FSIs by pallido-striatal backprojections, resulting in low-

ering the DTT.

Being the primary source of feedforward inhibition, FSIs play an important role in both

the existence and the actual value of the DTT. For example, we find that a preferential

inhibition of D1 MSNs is required for a DTT to be present for ‘multiplicative’ input.

By contrast, an ‘additive’ scenario reveals a DTT, irrespective of the (a)symmetry of

FSI projections onto MSNs. We showed that even in the ‘multiplicative’ input mode

the striatum can exhibit a DTT, by clamping the FSIs rates, while increasing cortical

input rates. We conclude that FSI activity plays a prominent role in determining the

DTT in the striatum, underlining once more the functional importance of pallido-striatal

backprojections to FSIs.

2.3.3 Modulation of DTT by dopamine

At the synaptic level dopamine has been described to increase (decrease) the strength

of cortico-striatal synapses onto D1 (D2) MSNs. This differential effect of dopamine

provides a powerful mechanism to control the DTT and difference between the activi-

ties of the two neuronal subpopulations activities and, hence, the DTT. For instance, a

dopamine induced increase in synaptic inputs to D1 MSNs shifts the DTT in the favour

of D1 MSNs, and thereby increasing the cortical input regime for a ‘Go’ bias. This,

in fact, could be a putative mechanism by which external administration of L-Dopa in-

duces dyskinesia as a prominent side-effect. By contrast, a reduction in dopamine level
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reduces the regime for a ‘Go’ bias, while increasing the regime for a ‘No-Go’ bias. Thus,

low dopamine results in higher firing rates in D2 MSNs, possibly manifesting in akinetic

symptoms and inducing oscillations in the GPe-STN network [15].

Recent experimental data suggest that the activation of ‘Go’ and ‘No-Go’ pathways

might not be exclusive in vivo awake behaving animals. At least at the population level,

both D1 and D2 MSNs have been shown to be co-activated and neither of the two path-

ways were completely shutdown [44]. Consistent with these experimental findings, both

D1 and D2 MSNs in our model are co-activated, however, the two populations differed

in their firing rates. We note that here our goal is not to reproduce the experimental

results of Cui et al. 2013 [44] which involved behaving mice performing self-paced lever

pressing to retrieve the reward. Apart from the obvious simplicity of our network model,

we think there might be an additional reason for this. In our model, we considered the

striatum as unit representing a single action. Indeed, Cui et al. 2013 [44] suggest that a

non-selective global deactivation of D2 MSNs in the striatum would abolish suppression

of most unwanted motor programs and, hence, lead to hyperkinesia. It can be argued

that our model represents such a global activation and deactivation of D1 and D2 in the

striatum. The concept of a DTT, if extended to include multiple action channels, could

be used to more closely address the results reported in [44].

2.3.4 Implications of asymmetry in the striatal circuit

Thus far, the striatum has been considered as a homogenous structure, with a weak and

homogeneous inter-connectivity. Anatomical evidence, however, suggests that there is

an inherent asymmetry in the striatal circuit in terms of mutual connections between

D1 and D2 MSNs, as well as in feedforward projections from FSIs. In Fig. 2.2, we

showed that this asymmetry, for an appropriate activity regime, has the ability to rein-

force the cortical bias (bias towards D1 at low cortical rates) or override it (bias towards

D2 at high cortical rates). Taking cortical input correlations into consideration, these

dynamics become even more complex, as is summarized in Fig. 9. Low dopamine levels

decrease the regime with D1 bias, while increasing the regime with D2 bias. Alterna-

tively, an increase in dopamine levels increase the area for a D1 bias, while decreasing

the area for a D2 bias. An increase in between-correlations in cortical input (B), how-

ever, pushes the contour towards the top left corner in Fig. 9 (towards higher firing

rates and lower values of within-correlation (W )), thereby enlarging the area of conflict

(RHC). We therefore suggest, that the asymmetry in the striatal circuit is useful to cover

different regimes of D1 and D2 bias, accommodating characteristic features of cortical

input, including rates, input correlations and local dopamine levels.
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Given the in vitro experimental conditions [22, 47], the measurement of the connectiv-

Figure 2.9: (Left) Each contour encloses an area in the parameter space of input
correlation (W) and input firing rates, in which the firing rate of D1 MSNs exceeds
that of D2 MSNs. The blue contour represents the healthy state of the striatum. Loss
of dopamine results in a decrease in the strength of excitatory inputs to the D1 MSNs
and, therefore, the blue contour shrank to the red contour indicating that for a large
range of firing rates and correlations D2 MSNs have higher firing rate than D1 MSNs.
The green contour on the other hand depicts a state in which there is high level of
dopamine in the striatum (e.g. in PD patients on L-Dopa treatment) because excessive
dopamine increases the overall excitability of D1 MSNs, thereby expanding the region
in which D1 MSNs have a higher firing rate. We refer to the region in which the firing
rates of D1 and D2 MSNs are comparable as a region of high-conflict. (Right) The blue
contour is the same as in the left panel. The orange contour shows how the increase in

shared correlation (B′) could increase the region of high-conflict (RHC).

ities within and between D1 and D2 MSNs could be biased. In more realistic in vivo

conditions, the connectivities of D1 and D2 MSNs may turn out to be different. In

particular, if D1 and D2 MSNs would not differ in their connectivities and membrane

properties, there is no reason to consider the striatum as a two population network and

the role of action selection would need to be performed in the downstream nuclei. Such

a single population striatum could initiate this process by ‘winner less competition’ [14]

or by enhancing the contrast of the input [46]. If the D1 and D2 MSNs would only differ

in their membrane properties, then our analysis of asymmetric connectivity between the

two neuron subpopulations would still be valid, because the effect of different neuron

transfer functions could be reduced to a difference in effective connection strengths. In
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the extreme case, when D2 MSNs would receive more inhibition than D1 MSNs, our

analysis remains valid, but we would have to reverse the interpretation.

2.3.5 Implications for the understanding brain disorders involving the

basal ganglia

Many disorders in the basal ganglia are related to the imbalance of its functional path-

ways. PD is thought to be a manifestation of dopamine depletion in the form of a

domination of indirect and hyperdirect pathways, while weakening the direct pathway.

Dyskinesia, on the other hand, is correlated with hyperactivity of the direct pathway

and reduced activity of the indirect pathway [65]. The Tourette syndrome is corre-

lated with decreased activity of FSIs [66]. This (dis)balance of striatal activity can be

systematically modeled using the concept of the DTT. In fact, our model provides mul-

tiple neuronal mechanisms and a mechanistic understanding of several brain disorders

by linking their specific pathophysiology to the DTT. Specifically, we explored three

factors that may influence the DTT.

In summary our results show that the striatum, with its asymmetric connectivity among

and between D1 and D2 MSNs, can act as a threshold device, indicating the increase

in cortical input firing rates and correlations by increasing the relative firing rates of

D1 and D2 MSNs. The DTT (basically, a threshold on the difference between the two)

is a dynamic variable which may represent behavioral state, learning history and moti-

vation level of the animal. Various mechanisms e.g. feedforward inhibition, dopamine,

GPe backprojections, tonically active neurons exist that can modulate the DTT and,

thereby, provide the striatum with a rich computational repertoire.

We arrived at this functional description of the striatum as a DTT by considering the

striatal network dynamics emerging from including low-level properties such as synap-

tic weights and connection probabilities. Moreover, we included several factors that

can modulate the DTT level by affecting chemical imbalances and changes in neuronal

properties. Taken together, we provide a high-level functional model of the striatum,

which can be easily linked to low-level properties. Typically, the striatum is included in

large-scale functional models [5], acting according to winner-take-all dynamics and idea

no longer supported by experiments [45]. Instead, we argue that our functional descrip-

tion of the striatum provides a more biologically realistic basis for large-scale functional

models of basal ganglia function.
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2.3.6 Model predictions and explanation of experimental data

2.3.6.1 High-conflict decision making

The cognitive concept of conflict is described as a quantity that should increase with the

absolute amount of activation and the number of competing representations [67]. In this

condition, it is essential for the action selection system to stall the decision for further

deliberation. A stalled decision in our model implies that the activity in the direct and

indirect pathways are comparable i.e. ∆MSN ≈ 0. In our model ∆MSN ≈ 0 for high

cortical firing rates and correlations (Fig. 2.6A). Especially an increase in B expands

the region in which ∆MSN ≈ 0 (Fig. 2.9). Therefore, we predict that high-conflict tasks

should be associated with an increase in correlations in the activity of cortico-striatal

projection neurons. Recent experimental data shows higher cortical firing rates in high-

conflict situations [68]. According to our model this is not sufficient for decision stalling,

because it would lead to a higher firing rate in D2 MSNs. Moreover, increased cortical

rates should be accompanied with an increase in correlations.

After stalling the decision, at some point a decision needs to be made in favor of either

the direct or the indirect pathway. A rather simple way to resolve the conflict would be

to change the cortical firing rates and correlations (cf. Fig. 2.9). The pallido-striatal

backprojections may also provide alternative mechanisms to resolve conflict and facili-

tate the decision making.

2.3.6.2 L-Dopa induced Dyskinesia

In our model, an increase in the steady state level of dopamine changes the DTT to

higher cortical input rates, thereby increasing the region in which D1 MSNs can have

their firing rate exceed those of D2 MSNs (Fig. 2.7A). This observation could be used to

explain the dyskinesia often reported in patients with PD on L-Dopa therapy (L-Dopa

Induced Dyskinesia – LID). Undesired involuntary movements characteristic of LID can

be attributed to the frequent undesired activation of D1 MSNs (direct pathway). This

could be a direct consequence of a shift in DTT towards ‘Go’, which would result in a

decrease in GPi activity during LID. Indeed, injection of dopamine agonists in MPTP

treated nonhuman primates induced dyskinesia and showed a marked decrease in GPi

firing rates [65].
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2.3.6.3 Increased reaction time in PD patients

According to our model, in a low dopamine state, there is a very small parameter regime

in which D1 MSNs can have higher firing rate than D2 MSNs (Fig. 2.7A). Therefore, we

propose that in a low dopamine state even low-conflict tasks might require the arbitration

by pallido-striatal backprojections via FSIs (as shown in Fig. 2.7B and S5B), thereby,

increasing the average reaction time for voluntary actions in Parkinson’s disease patients.

2.3.6.4 Akinesia in low-dopamine state

In our model, a decrease in the steady state dopamine level results in an increase in the

range of cortical input for which D2 MSNs have a higher firing rate than D1 MSNs. This

might give rise to induced akinesia observed in dopamine-depleted conditions. Such a

bias towards ‘No-Go’ may have a two-fold effect on the basal ganglia output. First,

it would introduce an insufficient ‘Go’ bias in the GPi (firing rates do not decrease

sufficiently) and second, in extreme dopamine depleted conditions it might introduce a

strong inhibition on GPe, which can instigate beta band oscillations in the GPe-STN

loop [15]. Furthermore, unlike in normal dopamine conditions, the STN-GPe loop is also

insufficient to shift the balance of activity towards D1 MSNs (Figs. 2.7C and S5C).

2.3.6.5 Selective inhibition of FSIs cause dystonia in animal models

In several brain disorders, the number of FSIs and/or their connectivity to MSNs are

altered. For instance, FSI count is reduced in Tourette syndrome and dystonia [69, 70].

Because FSIs preferentially connect to D1 MSNs, according to our model the loss of FSIs

or their connectivity to MSNs would increase the activity in the direct pathway, com-

pared to the indirect pathway (Figs. 2.7B,C) and shift the DTT to higher values. This

might underlie the symptoms of Tourette’s syndrome and dystonia. This explanation is

partially supported by recent experimental findings which show that the symptoms of

dystonia could be evoked in an animal model by a selective decrease of the firing rate of

FSIs [66].
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2.3.6.6 Re-wiring of FSIs towards D2 MSNs in PD animal models may be

a compensatory mechanism

In our model, based on the experimental data, FSI preferentially innervate D1 MSNs

[23] in order to maintain the default state of bias as ‘No-Go’ under equal cortical drive,

while allowing the cortical activity to switch the balance of D1 and D2 MSNs activity.

Interestingly, in the mouse model of PD, three days after dopamine depletion, the FSIs

doubled their connectivity to D2 MSNs as compared to D1 MSNs [71]. Our model sug-

gests that dopamine depletion reduces the DTT such that the striatum mostly operates

in a ‘No-Go’ state and, hence, cortical activity no longer suffices to switch the balance

of D1 and D2 MSNs activity. In our model, an increase in the FSI to D2 MSNs con-

nectivity will shift the DTT back in favour of D1 (Fig. 2.4B). Therefore, we argue that

the experimentally observed rewiring of the FSIs to D2 MSNs may be a compensatory

mechanism to maintain striatal function in a low dopamine state.

2.3.6.7 Increased impulsivity in PD patients with deep brain stimulation

Impulsivity could be considered as a too frequent activation of D1 MSNs or, equiva-

lently, a reduced DTT of the striatum. Deep brain stimulation (DBS) in the STN is

known to increase GPe firing rates [64]. Such increased GPe firing rates would impose

a sustained inhibition of FSIs, thereby shifting the DTT to higher cortical input rates

and expanding the regime with a bias towards the ‘Go’ pathway, which may manifest

itself as impulsivity at the behavioral level. Notice,that a similar trend was discussed

in LID in Fig. 2.7A. Therefore, we predict that striatal dynamics should show similar

characteristics during impulsivity and LID. Indeed, there is evidence for the potential

mechanistic overlap between behavioral ICDs (impulse control disorders) and motor

(dyskinesia) dopaminergic ramifications (cf. review in [72]).

2.4 Materials and Methods

The schematic of the striatal circuit is shown in Fig. 2.1. The parameters considered

for the rate model are included in Tables 2.1, 2.2.
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Parameter Description Value

N1,2 Number of neurons in the population 2000
Nfsi Number of neurons in the population 80

ρ11,21,22,12 % Connectivity 0.26,0.07,0.36,0.27 [22]
ρd1fsi,d2fsi % Connectivity 0.54,0.36 [23]

IPSC11,21,22,12 % Connection strength 42pA,107pA,107pA,133pA [22]
Rmsn Input resistance 238MΩ [22]
τmsn,fsi Synaptic time constant 12msec,8msec [22, 23]

Table 2.2: Parameters for equation (2.24)

2.4.1 Mean field model

The mean population dynamics of the striatal circuit for scenario II were modelled using

coupled non-linear differential equations:

˙λD1 = −0.01λD1 + S(J11λD1 + J12λD2 + J1FλFSI + JC1λCTX) (2.21)

˙λD2 = −0.01λD2 + S(J21λD1 + J22λD2 + J2FλFSI + JC2λCTX) (2.22)

The values of parameters used in equations 2.21 and 2.22 are listed in the Table 2.1.

The non-linear transfer function of the neuron S(z) has a sigmoidal function of the form:

S(z) =
z√

z2 + 1
(2.23)

The parameters J11, J12, J21, J22 are calculated by considering the effective input re-

ceived by a neuron in the population. This can be quantified as:

Jxy = Ny × ρxy × IPSCxy ×Rx × τxy (2.24)

with x and y either 1 or 2. These parameters are listed in Table 2.2.

This measure calculates the relative inhibitory strength of projections between D1 and

D2: although the self connectivity of D1 is comparable to the number of projections it

receives from D2 (ρ11 = 0.26, ρ12 = 0.27), since D2 makes stronger inhibitory connec-

tions than D1, J12 is larger than J11.
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2.4.1.1 Stability of the striatal circuit

Linearizing around the fixed point with the Jacobian matrix:( 1√
z2
1+1

+
2z2

1

(z2
1+1)1.5 − 0.01) ∗ J11 ( 1√

z2
1+1

+
2z2

1

(z2
1+1)1.5 ) ∗ J12

( 1√
z2
2+1

+
2z2

2

(z2
2+1)1.5 ) ∗ J21 ( 1√

z2
2+1

+
2z2

2

(z2
2+1)1.5 − 0.01) ∗ J22

 (2.25)

where

z1 = J11λD1 + J12λD2 + J1FλFSI + JC1λCTX (2.26)

z2 = J21λD1 + J22λD2 + J2FλFSI + JC2λCTX (2.27)

allows to analyze the stability by calculating the eigenvalues of the fixed point. We

found the eigenvalues to be real and negative for all values of the fixed points.

2.4.2 Network Simulations

The striatal network model was based on the spiking network model of the striatum

as described in [46], except that the network connectivity was not considered to be

homogeneous as in [46]. The simulations were carried out in NEST [29] with networks

of 4000 MSNs (2000 D1, 2000 D2) and 80 Fast Spiking Interneurons (FSI), consistent

with the estimated ratio of MSN and FSI neurons [73, 74]. The neuron model parameters

for FSIs and MSNs are listed in Table 2.3.

Parameter MSN(D1,D2) FSI

Number of neurons 4000 80
Vrest(mV) -80[74] -80[74]
Vexc(mV) 0 0
Vinh(mV) -64[75] -76[76]
Vth(mV) -45[77] -54 [76]
τexc(ms) 0.3 0.3
τinh(ms) 2 2
C(pF) 200[21] 500

Grest(nS) 12.5[78] 25

Table 2.3: Parameters for model neurons in network simulations

D1 MSNs, D2 MSNs and FSIs received independent excitatory Poisson inputs, mimicking

the background cortico-striatal inputs. The cortical input parameters are summarized

in Table 2.4. Connection probabilities for D1 MSNs, D2 MSNs and FSIs were taken

from [22, 23], also listed in Table 2.5.

The leaky-integrate-and-fire (LIF) neuron model was used to simulate the neurons in

the network with the subthreshold dynamics of the membrane potential Vx(t) described
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Target Background input rate (Hz) Peak conductance(nS)

D1 2500 3.6
D2 2500 3.0
FSI 2500 5.0

Table 2.4: Cortical input to striatal neurons

Source Target Probability Peak conductance (nS) Delay(ms)

D1 D1 0.26[22] 0.5 2
D1 D2 0.07[22] 1.0 2
D2 D2 0.36[22] 1.0 2
D2 D1 0.27[22] 1.2 2
FSI D1 0.54[23] 2.5[77] 1
FSI D2 0.36[23] 2.5[77] 1

Table 2.5: Inhibitory input to striatal neurons

by:

CxV̇ x(t) +Gx[V x(t)− V x
rest] = Isyn(t) (2.28)

Isyn(t) = ID1(t) + ID2(t) + IFSI(t) + ICtx(t) (2.29)

where x ∈ D1, D2, FSI. In the above equations, Isyn(t) describes the total cortical excita-

tory, recurrent and feedforward inhibition to a neuron, Cx is the membrane capacitance,

Gx is the leak conductance, and Vrest is the resting membrane potential. When the

membrane potential of the neuron reached Vth, a spike was elicited and the membrane

potential was reset to Vrest for a refractory duration (tref = 2 ms.)

An alpha function was used to model the excitatory synaptic input received by D1, D2

and FSI:

gxexc(t) =

Jxexc
t

τexc
e1− t

τexc for t ≥ 0

0 for t < 0
(2.30)

where x ∈ D1, D2, FSI. The rise times for the excitatory inputs τexc was set to be

identical for all neurons. In addition to excitatory input from the cortex, D1 and D2

MSNs received (self and mutual) recurrent inhibition as well as feedforward inhibition

from the FSIs. The corresponding inhibitory conductance changes were modelled as:

gxinh(t) =

Jxinh
t

τinh
e

1− t
τinh for t ≥ 0

0 for t < 0
(2.31)

where x ∈ D1, D2. The rise times τinh for all inhibitory synaptic conductance transients

were set to have identical values. Assuming the synaptic strengths as fixed, the total

excitatory conductance Gxexc,i(t) in a MSN i was given by
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Gxexc,i =
∑
m∈Kx

i

∑
n

gxexc(t− tCtxmn ) (2.32)

where x ∈ D1, D2. The sequence of spikes (n’s) impinging on a particular synapse m

are added by the inner sum, while the outer sum runs over all such excitatory synapses

m in the set Kx
i projecting onto neuron i. The set tCtxmn represents the spike times of the

excitatory neuron m.

The total inhibitory conductance Gxinh,i(t) in a D1 or D2 MSN i was given by

Gxinh,i =
∑

m∈KFSI
i

∑
n

gFSIinh (t− tFSImn −∆FSI) +
∑

m∈KD1
i

∑
n

gD1
inh(t− tD1

mn −∆D1) (2.33)

+
∑

m∈KD2
i

∑
n

gD2
inh(t− tD2

mn −∆D2)

where x ∈ D1, D2 and KFSI
i , KD1

i , KD2
i refer to the pre-synaptic FSIs, D1 and D2

projecting onto neuron i, respectively. The transmission delays of ∆FSI and ∆D1, ∆D2

were fixed to 1ms and 2ms, respectively. The total synaptic current to a MSN i was

Ixi (t) = −Gxexc,i(t)[V x
i (t)− V x

exc]−Gxinh,i(t)[V x
i (t)− V x

inh] (2.34)

where x ∈ D1, D2 and V x
exc, V

x
inh denote the reversal potentials of excitatory and in-

hibitory synaptic currents, respectively.

Similarly, for a FSI neuron i, the excitatory conductance was:

GFSIexc,i =
∑

m∈KFSI
i

∑
n

gFSIexc (t− tCtxmn ) (2.35)

and the total synaptic current for the FSI i was

IFSIi (t) = −GFSIexc,i(t)[V
FSI
i (t)− V FSI

exc ] (2.36)

The parameter values for both MSNs and FSIs in our network model are summarized

in Table 2.3.

2.4.3 Generation of B and W correlations

To separately control the correlations within and between the pre-synaptic pools of the

striatal neurons, we extended the multiple-interaction process (MIP) model of correlated
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ensemble of Poisson type spike trains [46, 54]. The MIP model generates correlations

by copying spikes from a spike train (the mother spike train) with a fixed probability

(the copy probability, which determined the resulting correlation) to the individual spike

trains. This process was implemented in the NEST simulator by introducing a synapse

model that transmits spikes with a fixed probability- the ‘lossy synapse’. By making

many convergent connections using the ‘lossy synapse’ we can mimic the random copy-

ing of spikes from the mother spike train to the children process. This way we controlled

the correlations within (W ) the pre-synaptic pool of a neuron.

To introduce correlations between (B) the pre-synaptic pools of two neurons we created

a two-layered MIP (Fig. 2.10). We started with a spike train M with a firing rate

Rin. In the first layer of MIP we generated N spike trains (C1, C2, · · · , CN ) with a fixed

pair-wise correlation (B′) and firing rate (RinB
′). In the second layer, each of these

spike trains acted as a mother spike train to generate pairwise correlations in the pre-

synaptic pools of individual striatal neurons. Each spike train Ci was used to generate

correlated spike trains (Ci0, Ci1, · · · , Cim) that acted as the pre-synaptic pool of each

striatal neuron with a pairwise correlation W and firing rate RinB
′W (Fig. 2.10). The

effective correlation between the pre-synaptic pools of two neurons is then defined as

B = B′W . Thus, in this model we can control the correlations between and within the

pre-synaptic pools by changing the copy probabilities in the first and second layer.

2.4.4 Relationship between B and W

B refers to the average correlation between the spiking activities of neurons in the

pre-synaptic pools of two striatal neurons. The spike trains in each pre-synaptic pool

are themselves correlated with a correlation coefficient W . For such pooled random

variables, Bedenbaugh and Gerstein [53] derived the following relationship:

ρ1,2 =
B

W + 1
n(1−W )

+O 1

n

where ρ1,2 is the correlation coefficient between the two pools of the pre-synaptic neu-

rons, n is the size of each pre-synaptic pool. Because 0 ≤ ρ1,2 ≤ 1, it follows that

B ≤ W .

Intuitively we can understand this relationship between B and W in the following way:

Imagine two pools of identical spike trains, but with individual spikes trains uncorrelated

to each other (i.e. B′ = 1 and W = 0). In this case, the average correlations between

the two pools will be small because each spike train has only copy in the other pool, while

being uncorrelated with all others. However, when W > 0, more such pairs with non-

zero correlation will occur, increasing the value of B. Because, B ≤ W , the difference
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Figure 2.10: (A) The correlations are generated by copying spikes twice from the
mother process (M). Let Rin be the rate of the mother process. The spikes are copied
into a set of children processes (C1 · · ·CN ) with a copy probability B′. This controls
the shared input to the postsynaptic population and leads to a rate RinB

′. The spikes
are copied for a second time with a copy probability W into a pool of input neurons
(C11 · · ·C1N ). Each neuron in the input pool spikes with a rate RinB

′W . The correla-
tion within the input pool can be increased by increasing W , whereas the shared input
can be increased by increasing the copy probability B′. (B) B ≤W . The means of the
pairwise correlations measured from randomly chosen 2000 pairs of MSN neurons (B)
are plotted against the corresponding W values. The different colors represent different

input rates in Hz. Notice that most of the points lie below the diagonal.

between the firing rates of the two MSN neuronal population in Fig. 2.6 is estimated

for the lower triangular region. This relationship is explicitly shown also in Fig. 2.10B,

where the measured input correlation between the pools (B) is shown to be less than W .

2.4.5 Model limitations

Our model considers the striatum as a single action unit with ‘Go’ and ‘No-go’ coun-

terparts and, hence, with a single DTT. But ideally, there are multiple channels of

competing motor programs which can be envisioned as mutually competing DTT’s.

Thus, future work will include the extension of this model to incorporate multiple ac-

tion channels. Secondly, the effect of input correlations is yet not formulated into the

analytical framework. This is a non-trivial problem, due to the non-linear transfer of in-

put correlations into output firing rates, specifically if the output neurons are recurrently

interconnected. Thirdly, our model explores the striatal dynamics at steady states, since
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the model showed stable fixed points. However, it is possible that in the presence of ad-

ditional phenomena, such as plasticity of cortico-striatal or striato-striatal projections or

intrinsic plasticity of the striatal neurons etc., the model may show interesting transient

dynamics. Recent work suggests a ‘decision threshold’ in a different context [79]. There,

the ‘decision threshold’ was a function of the RT (reaction time) distribution of the rats

in a decision task pertaining to the transient dynamics of the basal ganglia. A future

extension to this work can explore the effect of DTT due to the asymmetry in the striatal

connectivity on the distance to the ‘decision threshold’ in [79], i.e. the effect of DTT

on the RTs of a decision. And lastly, though our model abides by many experimental

observations, it contradicts one experimental result, to the best of our knowledge. In

[80], it was observed that FSIs increased their activity around a choice execution. In our

model, a choice execution will correspond to the activation of the D1 pathway, which

requires reduced activity in the FSIs, in contrast to the recordings in [80]. We think

this contradiction is a consequence of our model of the striatum considering only one

channel in the ‘Go’ and ‘No-Go’ pathways.

2.5 Acknowledgments

We thank Robert Schmidt, Alejandro Bujan, Ioannis Vlachos, Marko Filipovic, Jeantte

Hellgren-Kotaleski and Stefan Rotter for their helpful comments on different versions of

this manuscript.

2.6 Author contributions

Conceived and designed the experiments: JB AK. Performed the experiments: JB. An-

alyzed the data: JB. Contributed reagents/ materials/ analysis tools: AK. Contributed

to writing the manuscript: JB, AK, AA.



Chapter 3

Functional classification of

homologous networks in basal

ganglia

Jyotika Bahuguna1,2,3∗, Arvind Kumar1,2∗ Jeanette Hellgren Kotaleski1,2

1 Bernstein Center Freiburg and Faculty of Biology, University of Freiburg,

79104 Freiburg, Germany.

2 Computational Biology, School of Computer Science and Communication,

KTH Royal Institute of Technology, Stockholm, 10044, Sweden.

3 INM-6, IAS-6, Juelich Forschungszentrum, Juelich, Germany ∗ E-mail:

Corresponding authors: j.bahuguna@fz-juelich.de, arvkumar@kth.se.

3.1 Introduction

The classical model of basal ganglia has been regularly updated with discovery of new

types of sub-populations ([21, 22, 47, 81, 82]) within a nucleus or new projections from

existing nuclei ([50, 83, 84]) in recent years. However,to systematically understand these

developments, it is integral to question how do these changes in structure affect the func-

tion of basal ganglia as a system. It is possible that we encounter functional homologs of

the basal ganglia network in course of this investigation, i.e the structure become largely

complex but the overall function remains similar to preceding simpler structure. Ho-

mologous networks is the phenomenon where a disparate sets of network parameters can

lead to a similar kind of network activity. This is insightful to not only study whether

the new structural changes lead to a change in function but also possible compensatory

changes that might occur to counteract the pathological changes in the network.

54
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The exploration of homologous networks might also give insights about variability found

in structural parameters either due to nature (genetic tendencies) or nurture (plastic-

ity in response to enviornmental factors). It is an interesting and important question

to explore how much variance in the structural parameters is permissive to still yield

the same dynamical properties. Homology has been shown to occur in other neuronal

networks ([35]), but has not been studied in basal ganglia, yet, to the best of our knowl-

edge. In this paper, we develop a framework to study such network homologies using

the new data about GPe consisting of two dichtomous subpopulations instead of being

a homogenous structure [1, 81].

Here, we find homologous networks of a mean field model of basal ganglia that replicate

the network activity in [1] with disparate combinations of free parameters. Such a pa-

rameter search for these new GPe subpopulations has been done in the recent modelling

work by [85], but the analysis was restricted to the GPe-STN sub circuit and striatal

input was considered as feedforward inhibition. Since, at least one of the GPe subpopu-

lation is known to massively project upstream to striatum, the striatum forms a rather

strong recurrent loop with GPe. This recurrency is bound to affect the parameter search

and hence is integral to understand the role of these sub-populations.

We perform a parameter search for all projections emanating and projecting to the GPe

subpopulations including the striatum. We find that there exist many combination of

networks which fit the network activity shown in [1]. To elicit the functional difference

between networks we evaluate them by using two dynamical features: a) Effective su-

pression of GPi rates to a transient cortical activity b) Susceptibility of basal ganglia

circuit to oscillate. These features were selected on the basis of commonly known net-

work analogs of PD pathology. It has been shown that insufficient GPi suppression is

usually associated with stymied movement, for e.g Boraud et. al [86] showed that the

ratio of inhibited-to-activated GPi neurons are significantly reduced during movement

in a MPTP-treated monkey. Parkinsonian tremor on the other hand is also associated

with oscillation frequency of basal ganglia, specifically the GPe, STN, GPi and thalamus.

Electrophysiological studies have found single units oscillating at tremor frequencies in

STN and pallidum [38, 87] as well as oscillations of large populations in STN oscillating

at 8-20 Hz in tremor-dominant parkinson’s patients [88]. These dynamical features also

in some way reflect the effect of striatal bias downstream in the basal ganglia, for ex-

ample, a lack of striatal bias towards ‘Go’ will contribute to insufficient suppression of

GPi rates and an excess of striatal bias towards ‘No-Go’ might play a role in initiating

oscillations in the GPe-STN circuit [15].

Our analysis show that we get a whole spectrum of networks (some which rank high on

just one of the feature and some which rank high/low on both features). We repeat the

analysis for networks which are fitted to electrophysiological data of healthy networks [1]
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and observe similar homologies for healthy models. Interestingly, inspite of the spectrum

of dynamical features shown by the homologous networks, there is a notable difference

in the regimes shown by the pathological an healthy networks. We then calculate a

transition probability matrix between the putative pathological and healthy clusters

quantifying the more likely transitions from a particular functional state and the most

important projections responsible for these transitions.

3.2 Results

3.2.1 Putative pathological and healthy networks

In this study, we fit the free parameters as listed in coupling matrices A and B that

fit the criteria as stated in [1] and listed in table 3.4. We observe that many combi-

nations of the effective connectivities meet these criteriae. These networks are called

as homologous networks in the sense, that they appear interchangeable with respect to

these criterae.

We show example activities of all the 7 nuclei during slow wave (SWA) and beta activa-

tion (Act) of cortex. The activity shown in 3.1 is for 10 randomly chosen samples from

putative PD and healthy matrices. The opposite phase relationships between STN-TA

and STN-TI is visible for pathological models and relatively lesser modulation for TA/TI

and STN for healthy models. It should also be noted that GPi mostly shows a decrease

in its activity during high cortical activity in putative healthy models, hence showing an

anti-phase relationship between GPi and cortex (Ctx). The putative PD models on the

other hand show a spectrum of GPi activity in terms of amplitude - from reduction, no

change, to increase in rates as well in terms of presence/absence of oscillatory activity

when the cortical activity is high.

3.2.2 PD as a repertoire of dynamical features

As can be observed from the figure 3.1, these homologous networks show fair amount of

differences in terms of active GPi suppression. Hence in order to group these homologous

networks functionally, we evaluated them on the basis of two dynamical properties, as

an attempt to decompose ”PD” or ”healthy” state in terms of these dynamical features.

We did this by injecting a transient (TRANS) square pulse as the cortical input ,the

details of which are listed in table 3.3. It should be noted that this input was not

used for parameter fitting in genetic algorithms to distinguish between pathological and

healthy networks. The two dynamical features used for this decomposition were: 1) GPi

suppression (GS) 2) Susceptibility to oscillations (SO).
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Figure 3.1: Shown above are 10 randomly picked examples from putative PD (top)
and healthy (bottom) networks for slow wave (SWA) in cortical activity.

GS =
〈λGpi(t)〉[t?−∆1,t?] − 〈λGpi(t)〉[t?,t?+∆2]

〈λGpi(t)〉[t?−∆1,t?]
(3.1)

where, GPisup is the ratio of the change in GPi activity after the stimulus onset t? to

the activity before stimulus onset, ∆1 = ∆2 = 500msec.
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SO = 1− SE (3.2)

SE = 〈SEi〉i (3.3)

SEi =
−
∑

ω |Λi(ω)| · loge |Λi(ω)|
logeN(ω)

(3.4)

Λi(ω) = F(λi(t))(ω) (3.5)

and i ∈ {GPi, GPe-TA, STN, GPe-TI}
SE is the mean spectral entropy of the power spectrums of GPe-TA, GPe-TI, STN and

GPi. The spectral entropy is a measure of entropy for the power spectrum of a signal.

This measure will yield a high value for a power spectrum of white noise, whereas low

values for signals where the power was concentrated in few peaks (e.g oscillations).

These features were selected on the basis of commonly known network analogs of PD

pathology. It has been shown that insufficient GPi suppression is usually associated

with stymied movement, for e.g [86] showed that the ratio of inhibited-to-activated GPi

neurons are significantly reduced during movement in a MPTP-treated monkey, or their

delayed suppression is correlated for slowing down of the movements [89]. Along with

insufficient GPi suppression, the akinetic symptoms of the PD patients have also been

shown to grow worse with an imposed low-frequency stimulation of 10-20 Hz [24, 25] in

STN. A tACS(Transcranial Alternating Stimulation) of 20 Hz in cortex lead to slowing

of movements in healthy individuals [90]. Parkinsonian tremor on the other hand is

also associated with oscillation frequency of basal ganglia, specifically the GPe, STN,

GPi and thalamus. Electrophysiological studies have found single units oscillating at

tremor frequencies in STN and pallidum [38, 87] as well as oscillations of large popula-

tions in STN oscillating at 8-20 Hz in tremor-dominant parkinson’s patients [88]. Hence,

elucidating the mechanisms behind these dynamical features would help in not only un-

derstanding the relationship between these dynamical features but also understanding

the variances observed in pathological manifestation of PD.

This functional classification can be seen in Figure 3.2A and 3.2B. Figure 3.2A shows

the classification for putative PD networks. The histogram for putative pathological

networks shows 5 different regimes at 1) SO ≈ 0.4 and GS ≈ 1. 2) SO ≈ 0.0 and GS ≈
0.0 3) GS < 0 and SO ≈ 0.4 4) GS ≈ 1.0 and SO ≈ 0.8 5) GS <0 and SO ≈ 0.7-1.0.

Also shown are the one dimensional projections of the two features. The feature SO

shows a clear tri-modal distributionat low, mid and high values whereas the GS shows

two peaks with long tailed distributions. The healthy networks in figure 3.2B shows 1)

a long tailed distribution with the peak at SO ≈ 0.0 and GS ≈ 1.0 2) a peak at GS ≤
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Figure 3.2: 2-D histogram of putative pathological and healthy networks evaluted
on the basis of the two dynamical feature: 1) GPi suppression (GS) 2) Suspectibility
to Oscillations (SO). (A) The histogram for putative pathological networks shows 5
different regimes at 1) SO ≈ 0.4 and GS ≈ 1. 2) SO ≈ 0.0 and GS ≈ 0.0 3) GS < 0
and SO ≈ 0.4 4) GS ≈ 1.0 and SO ≈ 0.8 5) GS <0 and SO ≈ 0.7-1.0. Also shown
are the one dimensional projections of the two features. The feature SO shows a clear
tri-modal distribution whereas the GS shows two peaks with long tailed distributions.
(B) The histogram for putative healthy networks shows 1) a long tailed distribution
with the peak at SO ≈ 0.0 and GS ≈ 1.0 2) a peak at GS ≤ 0.0 and SO ≈ 0. 3) a minor
peak at GS ≈ 1.0 and SO ≈ 0.8. Also shown are the one dimensional distributions
of the two features. The SO shows a unimodal heavy tailed distributions whereas GS

shows sharp bimodal peaks at GS ≈ 1.0 and GS ≈ 0.

0.0 and SO ≈ 0. 3) a minor peak at GS ≈ 1.0 and SO ≈ 0.8. The 1-D projection of

the two features show a unimodal heavy tailed distributions whereas GS shows sharp

bimodal peaks at GS ≈ 1.0 and GS ≈ 0.

It should also be noted, that the characteristics of the BG subcircuit (GPe-STN) as

shown in [1] are fairly predictive of the network state of the entire BG in GS-So space,

in the sense that none of the putative PD networks show high GS and low SO (left top

corner of the figure 3.2A) and none of the putative healthy networks show negative GS

and high SO (bottom right corner of the figure 3.2B).

For the sake of comparison, the entire GS-SO state space was divided into 6 sections for

both putative pathological and healthy states: Listed below are the cluster means of the

7 sections.

• GS = 1.0, SO = 0.06 (No deficit)
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• GS = 0.0, SO = 0.04 (Deficit GPi Suppression)

• GS = 0.98, SO = 0.4 (Slight susceptibility to oscillations)

• GS = 0.95, SO = 0.81 (High susceptibity to oscillations)

• GS = -0.5, SO = 0.4 (GPi activity increases insteading of suppression)

• GS = -0.5, SO = 0.82 (High deficit in both)

• GS = 0.5, SO = 0.3 (Slight deficit in both)

3.2.3 Transitions among the functional states

Once these functional states are defined, we performed transitions on the data points

from one functional cluster to another and isolated the free parameters responsible for

it, the motivation being to gain an insight on which parameters largely control the pres-

ence/absence of the dynamical features.

To achieve this we calculated the Kolmogorov–Smirnov distance between the distribu-

tions of all parameters for a given pair of functional cluster regimes as shown in 3.2

A and B. The Kolmogorov–Smirnov (KS) statistic for a given cumulative distribution

function F(x) is

Dn(A,B, k) = sup|Fn(x)− F (x)| (3.6)

where A, B are source and target regimes respectively, k is the distance for kth parameter

and supx is the supremum of the set of distances.

The KS distance calculates maximum distance between two cummulative distributions.

This distance is calculated for all parameter distributions and 2 parameters showing

the maximum distance are chosen. These parameters are then scaled to resemble the

target distribution. One such example is shown in the figure 3.3 where the (high deficit in

both: GS=-0.5, SO=0.82) regime in PD is compared with (no deficit: GS=1.0, SO=0.04)

regime in healthy. The three highest values of KS distances were found for the three

parameters Jd1ctx, Jd2ctx, Jtiti. The solid lines show the initial distribution and the dashed

lines show the distributions after scaling to match the target distributions.

The effect of the scaling of these parameters were then checked by randomly picking 100

samples and then classifying them on the basis of the new values of GS and SO. The

fraction of samples from a source regime A, that landed in the target regime B, is defined

as transition probability from A to B. An example transition probability matrix for all

states in PD to target states in healthy are shown in Figure 3.4. The rows represent
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Figure 3.3: 100 samples were randomly picked from the regime (GS=-0.5, SO=0.82)
and regime (GS=1.0, SO=0.02). The distribution for all the 20 free parameters for
both the regimes is shown. Among the 20 parameters, three highest KS distances were
present for Jd1ctx, Jd2ctx, Jtiti. These parameters were scaled to resemble the target
regimes, for eg, red solid line represent the original distribution and red dashed line
represent the distribution after scaling for a transition from (GS=-0.5, SO=0.82)→
(GS=1.0, SO=0.02). The better the red dashed line fits over the blue solid distribution,
the more accurate the scaling is. This new set of values are then used to calculate the

transition probailities from the source to target regime.

the outgoing probabilities and hence add up to 1. The same procedure was repeated to

calculate the transition probabilities from healthy to PD.

For better readability of these transition probabilities, the matrices were rendered to

graphs as shown in Figure 3.5. The following postprocessing was done to keep the graph

sparse:

• Only the edges contributing to 80% of samples were kept and rest were pruned.

Hence the weights on the outgoing edges add up to ≥ 0.8.

• Only the transitions which had at least 10 samples in the source distribution were

considered to avoid any spurious transitions.
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Figure 3.4: Transition probability matrix among functional regimes (PD→ Healthy).
The rows represent the outgoing probabilities.

The extreme states (No deficit) and (High deficit in both) are marked as cyan and red

nodes in the graph respectively. It can be observed there are multiple ways to traverse

from one state to another. For example, lets consider the source state as high defifict

in both, colored as red and target state as no deficit, colored as cyan in Figure 3.5A.

Around 20% of the samples directly land in the target state, 16% of samples reach the

target state via an intermediate state of slight deficit in both GS and SO (GS = 0.5,

SO = 0.3), 20% of samples reach the target state via state of slight susceptibility in

oscillations (GS = 0.98, SO = 0.4) and a majority, i.e, 35% of samples reach the target

via the state of deficit in GPi suppression (GS = 0.0, SO = 0.04).

This is indicative of underlying structural variability that can lead to different paths

of progression from a putative pathological to healthy state. The structural variability

could occure due to nature (genetic tendencies) or nuture (plasticity in response to

enviornment factors).

It is interesting that transitions from the state of No-deficit (marked cyan) to a state

of high deficit in both SO and GS (marked red) in Figure 3.5B occur via the state of

deficit in GPi suppression (GS = 0.0, SO = 0.04) for majority of samples (26%). This is

reminiscent of a prediction by Leblois et. al [12], that action selectivity is lost in terms

of insufficient suppression of GPi prior to advent of oscillations on further strengthening

of hyperdirect pathway.
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Figure 3.5: (A) Graphical rendition for transition probability matrix from PD to
Healthy. The no deficit and high deficit in both are marked in cyan and red color

respectively.(B) same as A, but for Healthy to PD.
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No Source regime Target regime Param 1 Param 2

1 GS(0.00)SO(0.04) GS(1.0)SO(0.06) Jd2ctx↓ Jtiti↑
2 GS(0.00)SO(0.04) GS(0.98)SO(0.4) Jd2ctx↓ Jd1ctx↓

3 GS(0.00)SO(0.04) GS(0.5)SO(0.3) Jd2ctx↓ Jd1ctx↓

4 GS(0.98)SO(0.4) GS(1.0)SO(0.06) Jd2ctx↓ Jd1ctx↓

5 GS(0.98)SO(0.4) GS(0.00)SO(0.04) Jd2ctx↓ Jd1ctx↓

5 GS(0.98)SO(0.4) GS(-0.5)SO(0.4) Jd2ctx↓ Jd1ctx↓

6 GS(0.95)SO(0.81) GS(1.0)SO(0.06) Jd2ctx↓ Jd1ctx↓

7 GS(0.95)SO(0.81) GS(-0.5)SO(0.4) Jd2ctx↓ Jd1ctx↓

8 GS(-0.5)SO(0.82) GS(1.0)SO(0.06) Jd2ctx↓ Jtiti↑
9 GS(-0.5)SO(0.82) GS(0.00)SO(0.04) Jd2ctx↓ Jtiti↑
10 GS(-0.5)SO(0.82) GS(0.98)SO(0.4) Jd2ctx↓ Jtiti↑
11 GS(-0.5)SO(0.82) GS(0.95)SO(0.81) Jd2ctx↓ Jd1ctx↓

12 GS(-0.5)SO(0.4) GS(1.0)SO(0.06) Jd2ctx↓ Jtiti↑
13 GS(-0.5)SO(0.4) GS(0.98)SO(0.4) Jd2ctx↓ Jtiti↑

Table 3.1: Summary of transitions among the functional clusters

3.2.4 Significant projections

The result of some example PD → Healthy transitions are listed in the table 3.1 with

the 2 most significant parameters for these transitions. The parameters are named as

Param 1 and 2 are sorted on their amount of importance. As it can be seen, the three

most important projections that appear most frequently are cortico-striatal projections

i.e, Jd1ctx, Jd2ctx and pallido-pallidal projection i.e, Jtiti.

PD is known to be associated with the disbalance of direct and indirect pathways, which

originate from D1-MSNs and D2-MSNs in the striatum, specifically with the dominance

of indirect pathway over the direct one. As it can be observed from the transitions

listed in table 3.1, all the transitions (8-11) from the state of deficits in both features

(GS=-0.5, SO=0.82) require a reduction in cortico-striatal projection to D2 (Jd2ctx) and

increase in self-inhibition of GPe-TI populations(Jtiti).

Discussion

In this study, we performed a parameter fitting for 20 projections in basal ganglia net-

works with respect to firing rate and phase relationships as shown in Mallet et. al

([1]) for putative pathological and healthy networks. Among a state space of 20 free

parameters, we find that multiple combinations of the free parameters fit the criteria,

thereby indicating homologies in the basal ganglia network. These homologies may be
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an indicative of the multi-facetedness of the Parkinson’s disease, i.e different degrees

of interaction between different dynamical features leading to varying symptoms. The

study of these homologies might also give insights about variance that is observed in

parkinson’s disease patients and suggest novel targets for therapy. We classified the net-

works functionally by using two dynamical features: 1) Gpi suppression to a transient

cortical input (GS) 2) Susceptibility to oscillations (SO).

We observe that majority of the putative pathological networks either score low on one

of the features or both as is expected by pathological networks. On the other hand

majority of healthy networks show sufficient GS and a low SO, all though some of them

showed a deficit in one of the dynamical features. It should be noted that these dy-

namical properties emerge in the networks for an input that wasnt used to classify the

network as pathological or healthy during parameter fitting. We identified 7 different

regimes in putative pathological and healthy networks.

We then calculated the Kolmogorov-Smirnov(KS) distance between distributions of dif-

ferent parameters for pathological and healthy networks and isolated the projections for

which this distance is maximum. We then applied transformations among the different

regimes by modifying the projections indicated by the KS measure. Since the projec-

tions are corrected by the amount corresponding to the mean of the target distribution,

the transformations often occur with a probability. Only the transitions that account

for 80% of the samples are plotted and explained in Figure 3.4 and Table 3.1. The

projections responsible for these transitions are listed in Table 3.1 and be considered as

therapeutive targets. One of the major insights from this analysis was that the most

significant projections that control the features GS and SO are cortical projections to

D1 and D2, i.e Jd1ctx, Jd2ctx and pallidopallidal projection TI, i.e Jtiti. These former two

projections are already known to be important to the pathology of PD and is targetted

by therapeutic methods like L-Dopa. The role of self-inhibition of GPe-TI is yet to be

explored though.

3.3 Materials and Methods

3.3.1 Mean field model of the basal ganglia

We used a wilson-cowan form of equations to model the mean activity of 7 basal gan-

glia nuclei, namely, D1-MSN(D1-Medium Spiny Neuron), D2-MSN, FSI (Fast Spiking
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Interneuron), GPe-TA (Globus Pallidus Externa - Tonically Active), GPe-TI (GPe-

Tonically Inactive), STN (Subthalamic Nucleus) and GPi (Globus Pallidus Interna).

Ẏ =

Leak︷︸︸︷
−Y +S(

Recurrent+Ext. Input︷ ︸︸ ︷
A · Y +B · λctx ) (3.7)

with population firing rates:

Y =
[
λD1, λD2, λFSI , λTA, λTI , λSTN , λGPi

]T
and sigmoidal activation function:

S(x, θ, λMax) = (
λMax

1 + e(−a(x−θ)) ) (3.8)

The coupling matrices A, B are the self and input matrices respectively. The convention

of the matrix is: row represents all incoming projections to a nucleus. The colors of the

parameters indicate whether a particular projection is considered as a free (red) or fixed

(blue) parameter.

B =
[
Jd1ctx, Jd2ctx, Jfsictx, 0, 0, Jstnctx, 0

]T

A =

D1 D2 FSI TA TI STN GPi



Jd1d1 Jd1d2 Jd1fsi Jd1ta Jd1ti 0 0 D1

Jd2d1 Jd2d2 Jd2fsi Jd2ta Jd2ti 0 0 D2

0 0 Jfsifsi Jfsita Jfsiti 0 0 FSI

0 Jtad2 0 Jtata Jtati Jtastn 0 TA

0 Jtid2 0 Jtita Jtiti Jtistn 0 TI

0 0 0 Jstnta Jstnti Jstnstn 0 STN

Jgpid1 0 0 Jgpita Jgpiti Jgpistn Jgpigpi GPi

The values of parameters in the sigmoid function for every nuclei are listed in the table

3.2.

Zero delays or instantaneous update was considered in the mean field model due to the

following reasons. 1) The largest delay in basal ganglia is on the order of 10ms (refer

to paramaters in [91]). This delay is too small to affect the frequency range we are

interested in (1-20Hz). 2) Overall ease of analysis of the system. 3) This experiment

was repeated with exaggerated delays (all the delays were multiplied with a factor of

3) which were large enough to significantly affect the results but this didnt constrain
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D1 D2

GPe
TA

GPe
TI

FSI

STN

Known (Lindahl et. al 2013)

Unknown 

GPi

STR

From Cortex

From CortexInhibitory
Excitatory

Figure 3.6: Shown is the network schematic used for bagal ganglia mean field model.
The red dashed projections are considered as free parameters and estimated using
Genetic Algorithms. The blue projections are considered as fixed parameters and esti-

mated using data in [91].

Nucleus name θ λmax
D1-MSN 0.1 65

D2-MSN 0.1 65

FSI 0.1 80

GPe-TA 0.5 50

GPe-TI 0.5 100

STN 0.4 150

GPi 0.5 100

Table 3.2: Parameters for the non-linear sigma function.
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Input type Frequency (Hz) Amplitude

SWA (Slow Wave Activity) 2 2.0

ACT (Activation) 20 4.0

TRANS (Transient) 0 5.0

Table 3.3: Cortical input parameters

PD Healthy

λTI(SWA) > λTA(SWA) λTI(SWA) + λTA(SWA) < λTI(ACT ) + λTA(ACT )

λTA(ACT ) > λTI(ACT ) φSTN is in phase with φCtx
λTI(SWA) > λTI(ACT ) ρ(λTA, λSTN ) ≈ 0 (TA is non-modulated)

λTA(SWA) < λTA(ACT ) ρ(λTI , λSTN ) ≈ 0 (TI is non-modulated)

λTI(SWA) + λTA(SWA) > λTI(ACT ) + λTA(ACT ) Sanity tests (All rates are above zero)

φSTN is in phase with φCtx
φTA is in phase with φSTN
φTA is anti-phase with φSTN
Sanity tests (All rates are above zero)

Table 3.4: Criteria for fitting PD and healthy data as shown in [1]

the model further. Similar number of homologous networks were observed albiet they

sometimes differed from the networks obtained with zero delay mean field models(data

not shown) . This is to say that delays will not affect the qualitative results of the study

and it is still required to develop a framework to analyze such homologous networks.

3.3.2 Criteria for parameter fitting

We replicated the activity as shown in Mallet et. al (cref. [1]) and used the criteria to

constrain the model. The activity in the GPe nuclei was measured for two cortical states,

namely, SWA (Slow Wave Activity) and Beta activity (ACT). The details of the input

to the rate model are shown in table 3.3. Various combinations of free parameters (listed

as red in the coupling matrices A and B) that met the criteria as listed in the table 3.4

were found using Genetic Algorithms (GA). We call these parameter combinations as

homologies.

3.3.3 Simulation and Data Analysis Tools

All network simulations are written in Python (http://www.python.org). Results were

analyzed using SciPy and NumPy libraries. Visualizations were done using Matplotlib[30],

networkx and pygraphviz.
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4.1 Introduction

Parkinson’s disease (PD) is a degenerative brain disease caused by the depletion of

dopamine neurons in basal ganglia. Patients afflicted with the disease suffer from a host

of cognitive and motor impairments. Experimental studies have recorded an increase in

β-power in the Local Field Potential (LFP) measured in basal ganglia in PD patients

[36–38]. These oscillations in the β band are correlated with motion related deficits

like rest tremor and akinesia[39]. The interaction of sub thalamic nucleus (STN) and

Global Pallidus externa (GPe) is widely accepted as the origin of these oscillations.

However, which mechanisms underly the presence of the pathological oscillations is still

unclear. Empirically it is well proven that high frequency deep brain stimulation (DBS)

70
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of STN destroys the pathological oscillations and alleviates the akinetic symptoms of

PD.However, the reason for the effectiveness of DBS is unknown.

Computational models have used reduced firing rate model of the GPe-STN circuit

[92] and analyzed the possible cause of the pathological β oscillations. It has been

proposed that the strengthening of mutual synapses between GPe and STN and increased

excitation from cortex majorly influence the presence of the oscillations. In [15], a spiking

network model of GPe-STN was shown to undergo a phase transition into an oscillatory

regime, due to either an increased excitation from cortex to STN or increased inhibition

from striatum to GPe.

Electrophysiological data from monkey models of PD, reveal that the proportion of spikes

which are bursts are significantly more in the Parkisnonian animals [26, 27]. Suppression

of the β band oscillations in the Parkinsonian animals by L-dopa administration and

GPe lesioning reduced the % of bursting spikes thereby showing that the increased

bursting activity in STN and GPe is intrinsically linked to the presence of oscillations

in BG. However, it is not clear whether the bursting spikes and the oscillations share a

causal relationship or increase in burst firing during pathological oscillations is merely

an epiphenomenon.

An earlier computational work [16], studied the effect of spiking patterns on the activity

of STN-GPe network and show that with increase in striatal inhibition to the globus

pallidus and weakened pallidal inhibition, the STN-GPe network can switch from irreg-

ular spiking to rhythmic bursting like behaviour. Although, this work explores a wide

range of regimes that STN-GPe network can operate in, the role of firing patterns is

not independently investigated. The significance of isolating the effect of firing pattern

becomes even more important in the light of observations, that the firing rate alone is

enough to trigger a transition in the network state [15]. In the neuron model used in

the study, the changes in the firing pattern of the neuron is accompanied by changes in

the input-output firing rate relationship(f − I curve) of the neurons. Existing neuron

models do not allow an independent control of a neuron’s firing pattern and its f − I
curve. To independently asses only the effect of bursting activity and not the gain of

the neurons, on the network dynamics of the STN-GPe circuit, we develop and use the

State-dependent Stochastic Bursting Neuron Model (SSBN) model (See Materials and

Methods).

We find that an increase in the % of bursting neurons in GPe enchanced oscillations,

whereas a moderate increase in % of bursting neurons in STN supressed the oscillations.

However, a large increase in % of bursting neurons in STN was not able to quench the os-

cillations. Hence, we propose that the bursting activity in STN might be compensatory
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in nature, which might be triggered by either dopamine depletion ([93]) or by large hy-

perpolarization intervals caused by pathological GPe bursts ([94, 95]). This might also

explain why these oscillations are also seen in a healthy BG [40] and oscillatory bursts

are seen in STN-GPe neurons in non-MPTP control animals ([27]). The mechansim of

destroying oscillations via STN bursting might play an integral role in gating the motor

commands after a sensory input has been processed (eg cue utilization, [40]).

4.2 Materials and Methods

4.2.1 State-dependent Stochastic Bursting Neuron (SSBN) model

In the existing neuron models, to achieve changes in the firing patterns, the sub-threshold

dynamics of the neuron model need to be altered. This consequently changes the input-

output firing rate relationship (f − I curve) of the neurons. Therefore, to study the

effect of changes in the firing patterns on the network dynamics, the f − I curve of the

neuron and its firing pattern need to be independently controllable. To achieve this,

we introduce a novel neuron model, the State-dependent Stochastic Bursting Neuron

(SSBN). The SSBN neuron has identical membrane potential dynamics as the Leaky

Integrate and Fire (LIF) neuron and is given by,

τmv̇m = −vm + Isyn

however, the spike generation mechanism is stochastic. On reaching the spiking threshold

uth, unlike the LIF neuron the SSBN does not spike deterministically. A number between

0 and 1 is randomly generated (rn), each time the membrane potential crosses the spiking

threshold. If rn < 1/b, the neuron produces b spikes. The inter-spike-interval within

the burst is constant(2ms). The membrane potential is reset only after all spikes of

the bursts are produced. However, there is no spiking if the condition is not satisfied

and the vm is reset. Thus, the SSB neuron produces bursts of different lengths without

altering the f−I curve. A more analytical treatment of the neuron model and its effects

on cortical networks can be found in Sahasranamam et al. [28] The neuron parameters

are defined in Table 4.1. The neuron parameters are kept identical for STN and GPe

neurons.
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Name Value Description

Cm 250pF Membrane capacitance

τm 10ms Membrane Time Constant

Vth −55mV Firing threshold

Vreset −70mV Reset potential

τref 2ms Refractory period

τsyn 2ms Rise time of alpha function

Table 4.1: Neuron parameters

Name Value Description

εgpe−gpe 0.03 GPe to GPe connectivity

εgpe−stn 0.08 STN to GPe connectivity

εstn−stn 0.01 STN to STN connectivity

εstn−gpe 0.1 GPe to STN connectivity

Jgpe−gpe −0.05mV GPe to GPe synaptic strength

Jgpe−stn 0.03mV STN to GPe synaptic strength

Jstn−stn 0.01mV STN to STN synaptic strength

Jstn−gpe −0.07mV GPe to STN synaptic strength

Table 4.2: Connection parameters

4.2.2 Networks

Our network model consisted of 3000 inhibitory(GPe) and 1000 excitatory (STN) neu-

rons. The connection strength and connection probability for recurrent as well as inter-

areal connections are given in Table 4.2. The non-bursting neurons are Regular Spiking

(RS) neurons and the bursting neurons are Burst Spiking (BS) neurons. The fraction of

(BS) neurons is independently varied between 0 and 1. For each population(STN/GPe),

we compute the fraction of BS neurons, given by F = NBS/Ntot, with Ntot = NBS+NRS ,

where NRS , NBS , Ntot are the number of RS, BS and total number of neurons in a pop-

ulation respectively. The background poisson rates for STN and GPe are independently

controlled.

Data Analysis

We use the mean firing rate (ν) and Fano facor (FF ) to characterise the dynamical states

of the networks. Mean firing rate is measured as the number of spikes per neuron per

second. FF is used to quantify the synchrony in the network. The FF of a population

is defined as

FF =
V ariance[Zi]

Mean[Zi]



Chapter 4. GPe-STN bursting and pathological oscillations 74

To obtain a reliable estimate of the population activity, the cumulative activity of the

spike trains of all the neurons in the network were binned in discrete time bins(bin width

= 2 ms). Zi is the population activity in a bin i. An increase in positive correlation

increased the V ariance[Zi] and consequently the FF [Zi].

Coefficient of variation of the inter-spike interval (ISI) distribution of a neuron, CV is

given by

CV =
σ[ISI]

µ[ISI]

The mean CV of the neurons in a population gives the regularity of neuronal spiking in

the population.

4.2.2.1 Spectral Entropy

To quantify the degree of oscillatory activity in a network we compute the spectral

entropy HS , which is a measure of dispersion of spectral energy of a signal [96]. It is

given by

HS =
−
∑

k PklogPk
logN

where Pk is the spectral power at frequency k and N is the total number of frequency

bins considered. The power spectrum is computed using a Fast-Fourier-Transform of

the population activity v and normalized such that
∑

k Pk = 1.

A flat power spectrum, e.g. in the white noise case, has maximum spectral entropy, i.e.

HS = 1. By contrast, a spectrum with all power concentrated in one frequency, e.g.

periodic sine signal, has zero spectral entropy HS = 0. Therefore, the more oscillatory

the activity dynamics is, the smaller HS will be. In our simulations, the value of spectral

entropy ranged from 0.2 to 0.9.

4.2.3 Simulation and Data Analysis Tools

All network simulations are written in Python (http://www.python.org) and imple-

mented in NEST (http://www.nest-initiative.org)[29]. A temporal resolution of 0.1 ms

is used for the intergration of the differential equations. Results were analyzed using

SciPy and NumPy libraries. Visualizations were done using Matplotlib[30].
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4.3 Results

In this study, we explore how specifically the bursting firing pattern could play a role in

influencing both the onset and destruction of oscillations in STN and GPe. To this end,

we use the SSB neuron model (see Methods) to create the bursting firing patterns. The

existing neuron models which change their sub threshold dynamics to create bursting

have an accompanied change in their f − I curves. Especially in the STN-GPe circuit

such changes in the f − I curves could have marked influence on the emergence of

oscillations by changing the activity state of STN and GPe [15]. The SSB neuron model

is designed to allow the changes in firing patterns without accompanied changes in the

f − I curves(ref. supp. fig. 1).

4.3.1 Mechanisms of the influence of bursting patterns on network

activity

The sub-threshold dynamics of the SSBN is the same as that of a Leaky Integrate-and

Fire neuron model. But the stochastic spiking mechanism of this neuronal model allows

one to control with the number of spikes in a burst without accompanied changes in the

f − I curve (cf. Methods).

The focus of this study is on the oscillations that arise in the STN-GPe circuit. There-

fore, we wanted to understand the effect the bursting activity could have on existing

oscillations. The STN-GPe circuit generates oscillations in the β band (13 − 30Hz).

Experimental evidences indicate that the STN-GPe circuitry form a feedback system

that give rise to oscillations[95]. Experimental and modelling studies about oscillations

in general and sub-thalamo-pallidal oscillations in particular have shown how excitatory

and inhibitory populations could interact to give rise to oscillations [15, 26, 92]. One

hypothesis is that the excitatory population increase their spiking in the window of op-

portunity provided by the silenced inhibitory neurons. This subsequently, increases the

activity of the inhibitory neurons and the oscillatory cycle continues.

During this cycle, the temporal clumping of spikes in BS neurons could weaken the

oscillations. The window of opportunity for the populations to fire that arises are dis-

torted by the additional spikes that happen beyond the well defined windows. Bursting

spikes in the excitatory population would distort the subsequent inhibitory oscillatory

cycle. The distorted inhibitory cycle would make the subsequent window of opportunity

for the excitatory population less defined. This process would weaken and destroy the

oscillations. Thus, a network which is initially in an oscillatory state could move into
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Figure 4.1: Figure caption continued on next page
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Fig 4.1 Mechanisms by which spike bursting can induce a change in the network
state.(A) Schematic of the network model. (B) A schematic to depict how the

addition of additional excitatory spikes(red dots) when the inhibitory oscillatory cycle
wanes makes the oscillatory activity unstable in an ING oscillation. The excitatory

population (blue dots) oscillates in the window of opportunity provided by the
inhibitory population (green dots). The red dots indicate the additional inhibitory
spikes that are added. (C) PSTHs of GPe population shows the changes after the

addition of the additional spikes in the STN. When the additional spikes are added
when the excitatory oscillatory cycle tapers off there is maximum disturbance of

succeeding oscillatory cycles (blue line). When the same number of spikes are added at
the peak of the preceding oscillatory cycle, there is minimal effect on the subsequent
oscillatory cycle (dark blue line). The pale blue line shows the baseline activity when

no spikes are added. (D) PSTHs of the inhibitory population when the number of
additional excitatory spikes that are added are increased. Unlike in C, there is a phase
shift of the subsequent oscillatory cycles (E) A simple network where an external input

induced spiking of a BS neuron. This BS neuron acted as the inhibitory presynaptic
input to a regular LIF neuron. The membrane potential of this LIF neuron was

maintained very close to the threshold by an external poissonian input. The
percentage change in the variance of the membrane potential and firing rate of the

postsynaptic LIF neuron with the varying number of spikes per burst in the
presynaptic SSBN is plotted. A simple schematic of the network is shown in the inset

an asynchronous state. To illustrate this mechanism, we (Fig. 4.1 B,C) mimic the ob-

served phenomenon due to BS neurons by adding additional excitatory spikes outside

the excitatory oscillatory cycle in a network with no BS neurons. We observe that the

subsequent inhibitory oscillatory cycles are distorted and the oscillations are destroyed.

This distortion was due to the temporal jittering of spikes rather than the additional

spikes that were added. To demonstrate this in the same network, we added the same

number of additional spikes but within the oscillatory cycle. In this case, there is no

distortion of oscillations. This weakening of oscillations due to the temporal imbalance

of E-I oscillatory cycles due to bursting activity we call Mechanism I.

On the other hand, if the number of BS neurons is increased beyond a certain critical

value, the oscillations instead of being destroyed are merely shifted in phase . If the BS

neurons form a large enough proportion of the excitatory population, the width of the

excitatory oscillatory cycle on the whole is increased. Now, there is no distortion of the

subsequent oscillatory as a major proportion of the inhibitory population receive the

bursting spikes. Therefore the subsequent inhibitory cycle is merely shifted in phase.

The phenomenon is replicated in (Fig. 4.1 D), with an increased number of excitatory

additional spikes. If the additional spikes are outside the cycle there is a phase shift.

No significant phase shift is observed when the same number of spikes are added within

the excitatory oscillatory cycle. This we call Mechanism I(b).

A similar temporal distortion of E-I activity and subsequent weakening of oscillations was

observed when additional inhibitory spikes were added outside the inhibitory oscillatory
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cycle. Phase shift of the subsequent oscillatory cycles is also observed when more than

a critical amount of inhibitory spikes were added outside the oscillatory cycle.

The SSBN model preserves the f − I curve while allowing changes in the firing pattern.

Therefore, the BS neurons produce the same number of spikes as a RS neuron in a long

time period. However, unlike the RS neuron the spikes of the BS neurons are clumped

together temporally. To test the effect of such clumping of spikes on the post-synaptic

neuron we connected a LIF neuron to a presynaptic BS neuron. Due to the temporal

clumping of spikes, it is seen that the variance of the post-synaptic membrane potential

increases with the number of spikes in burst in the BS neuron. If the receiving neuron

is operating in a fluctuation driven regime, the firing rate of the post-synaptic neuron

increases (Fig. 4.1 E). This we call Mechanism II. In an appropriate network state and

with strong enough fluctuations, this mechanism could move it to a more synchronous

activity regime.

Onset of oscillations due to differences in the strength of external input

to STN and GPe

Previous studies have shown that changes in the relative strength of the inputs to STN

and GPe from upstream brain areas are enough to trigger oscillations in the sub-thalamo-

pallidal circuitry [15]. More specifically, an increased input to STN and increased inhibi-

tion to GPe from upstream regions like the striatum trigger oscillations. In our spiking

neuron network model of STN-GPe, when none of the constituent neurons are bursting,

we are able to replicate the previous findings (Fig. 4.2). When oscillatory activity in

STN was measured against the changes in the firing rate of STN and GPe, we find that

the activity state of GPe has little role to play on the state of the network. When the

GPe activity remained unchanged and STN activity was varied we find that the oscilla-

tions in STN (measured with HS) varied considerably. While increase in STN firing rate

induced oscillations decrease in STN activity destroyed it. On the other hand, when the

STN firing rate did not change and the GPe firing rate varied there was little change in

the network state (cf. Fig. 4.2E).

Earlier studies [15, 92] of oscillations in the STN-GPe circuitry have shown that relative

increase in the excitation of STN or inhibition of GPe could induce oscillations. Along

the diagonal in (Fig. 4.2 A) where there is little change in the GPe activity, the firing rate

change from the bottom to the top of the diagonal is caused by the increase in excitation

to STN and decrease in excitation to GPe (Fig. 4.3). Both these changes in the input

to STN and GPe induce oscillations. Therefore, though the GPe activity is unchanged

along the diagonal due to the changes in the strength of the excitatory input to STN
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Figure 4.2: Increased input to STN or decreased input to GPe can enforce oscillations.
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Fig 4.2 The effect of different inputs to STN and GPe in determining the STN and
GPe firing rate are shown in (A) and (B) respectively. Spectral entropy (See

methods) is a measure to quantify the oscillatory nature of the population activity
with a value of 0 indicating perfect oscillations and a value of 1 denoting white noise.

The change in Spectral entropy in GPe and STN population for different input to STN
and GPe are shown in (C)and (D). To observe the effect of the activity in STN and

GPe on oscillations in (E) we plotted the changes in the Spectral entropy of STN
population(colour of the pixels) against the changes in the STN and GPe firing rate.

and decrease in the strength of the excitatory input to GPe, oscillations are induced in

the STN-GPe circuitry. On the other hand, along the diagonal where the STN activity

is fixed, an increase in excitation to STN is accompanied by an increase in excitatory

input to GPe (Fig. 4.2 B). While the former has shown to induce oscillations, the latter

has been shown to destroy it. Therefore, while a changing STN activity can induce

a corresponding change in the oscillatory state of the STN-GPe circuitry, a change in

GPe activity when the STN activity remains constant cannot determine the presence of

oscillations in the circuit. Therefore, the STN activity is more predictive of the presence

of oscillations in the STN-GPe circuit than the GPe (cf. Fig. 4.3 ) .

Addition of BS neurons in the GPe population enhances oscillations

We investigated the effect of the bursting activity in the GPe population by keeping

the proportion of BS neurons in the STN fixed and changing the proportion of BS

neurons in the GPe population systematically. Though in general, an increase in the

oscillatory nature of the activity was observed (decrease in HS), the effect of BS neurons

on the network activity depended on the initial network state itself. When the network

was initially in an strongly synchronous state, addition of BS neurons in GPe did not

qualitatively alter the network state (Fig 4.4A). But when the network was initially

in a weakly asynchronous state introduction of BS neurons in GPe pushed the network

activity into a synchronous regime (Fig 4.4B). On the other hand, if the network activity

was in a strongly asynchronous regime, though the addition of BS neurons decreased

the HS , the change was not significant enough to push the activity into a synchronous

regime(Fig 4.4C). The changes in the oscillatory state with the addition of BS neurons is

accompanied by the changes in the population firing rate, indicating that Mechanism-II

plays a role in determining the effect of bursting spikes on network activity.
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Figure 4.3: A schematic that explains why only the STN activity is predictive of the
presence of oscillations. Both the schematics show the direction in which firing rates
should evolve to keep STN and GPe firing rates constant.The ambiguity and hence non-
predictibility of the network state by the GPe firing rates arise from the dichotomy of
the regimes required to keep the GPe rates constant. GPe rates can be kept constant by
either decreasing STN rates and consequently increasing the GPe rates or by increasing
the STN rates and consequently decreasing the GPe rates. From the network model in
[15], the former regime leads to destruction of oscillations and the later to enforcement
of oscillations. However, to keep STN rates constant, the mechanisms required for a
network state transition work in opposition to each other, hence keeping the network

state constant along with the STN rates.

Addition of BS neurons in the STN population destroys oscillations

We next investigated the effect of increased bursting activity in STN had on network os-

cillations. We systematically varied the proportion of BS neurons in the STN and quan-

tified the effect on the oscillations in the STN-GPe circuit. An initially asynchronous

activity state in the network is not affected with the addition of BS neurons in STN

(Fig. 4.5 A). When the network is in a weakly synchrony regime(HS ≈ 0.4), addition of

BS neurons initially pushes the activity into an asynchronous regime (HS ≈ 0.6). When

the proportion of the neurons are further increased the oscillations are strengthened

again(Fig. 4.5 B). The firing rate of the STN population is relatively unaltered during

this change, thus indicating that while Mechanism I is involved in the destruction of

oscillations, Mechanism - II causes the phase shift without destruction of oscillations
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Figure 4.4: In specific regimes addition of BS neurons in GPe can induce oscillations.
The fraction of BS neurons in the GPe population are changed and their effect on the
oscillatory nature of the population activity is measured with spectral entropy for dif-
ferent external inputs to STN and GPe. (A) An initially synchronous activity remains
synchronous with the addition of BS neurons in GPe.(B) An initially asynchronous
population activity close to the transition zone is made weakly synchronous with the
addition of BS neurons. (C) Though the spectral entropy in an initially strong asyn-
chronous region decreases with the addition of BS neurons, the strong asynchronous
nature of the baseline activity never allows the network activity to become synchronous.
(D),(E),(F) show the example population activity for spectral entropy values of 0.3,0.5

and 0.8 respectively.

(Fig. 4.5 C). When the network is in a strongly synchronous regime, addition of BS

neurons in STN, causes an increase in HS . But since the baseline activity was in a

strongly synchronous regime, this change was not strong enough to push the activity

into an asynchronous regime. Therefore, in suitable regimes, the emergence of bursting

activity in STN primarily destroys oscillations in the STN-GPe circuit. The changes in

the synchronous states of the activity is not accompanied by significant changes in the

population firing rate, indicating the role of Mechanism - I described above in destroy-

ing the oscillations. However, in a strongly synchronous state, this compensation by the

STN bursting neurons has little effect. Further, the proportion of bursting spikes has an

important role to play in determining the efficacy of compensation. In certain regimes,

increase in the proportion of bursting beyond a critical amount pushed the network back

it into the oscillatory state indicating that Mechanism - I(b) plays a role.
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Figure 4.5: Addition of BS neurons to STN can destroy oscillations. (A) An initially
asynchronous activity continues to remain asynchronous with the replacement of RS
neurons with BS neurons in STN. (B) A weakly synchronous activity can be made
asynchronous when a small fraction of RS neurons are replaced with BS neurons in
the STN(C) On the other hand, strongly synchronous cannot be made asynchronous
when any fraction of neurons are replaced with BS neurons in the STN. (D) shows the
spectral entropy of STN as a function of fraction of BS neurons in STN and GPe for
fixed external inputs. The network remains in an asynchronous state irrespective of
the changes in the fraction of BS neurons in STN and GPe.(E) Same as in D, except
that the external inputs to STN and GPe are changed. In this regime, the fraction of
BS neurons in STN and GPe change the oscillatory activity. (F) shows another set
of external inputs to STN and GPe, where the oscillatory activity in STN and GPe

remain oscillatory irrespective of the fraction of BS neurons in STN and GPe.

Discussion

In this study, we focussed on the role of bursting activity in STN and GPe in determining

the presence of oscillations. We used the State dependent Stochastic Neuron (SSBN)

model to independently control the firing pattern of the neuron without affecting its

f − I curve. We found that the bursting activity in a population can both enhance and

destroy oscillations through two different mechanisms. In order to compare the results

of bursting with purely the effect of STN-GPe rates on the circuit’s oscillatory state,

we reproduced the results shown in [15]. We made an additional observation that the

presence and absence of oscillations are more sensitive to STN rather than GPe firing

rates. That is, just an increase in GPe firing rates is not sufficient to push the circuit
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Figure 4.6: Bursting activity in STN and GPe along with the external inputs to STN
and GPe determine the network state. In PD, the change in the input structure from
other parts of the Basal Ganglia and the increased bursting in GPe pushes the activity
deep into the oscillatory state and increased bursting of STN is not enough to bring

back the activity to non-oscillatory regime during movement initiation.

into non-oscillatory state, however a decrease in STN firing rates is always accompanied

with an increase in spectral entropy and also an increase in the GPe firing rates (which

explains the lower triangular shape of Fig. 4.2F). A decrease in STN firing rates [97, 98]

and an associated increase in GPe/GPi firing rates [98, 99] has been widely observed in

experiments involving DBS [100]. This unique combination in modulation of GPe and

STN firing rates is said to be implemented by either somatic inhibition or excitation of

inhibitory afferents to STN and stimulation of excitatory efferent axons from STN to

GPe. This might also hint at why STN is such a conducive therapeutic target for DBS.

Burst spikes can destroy oscillations with the additional spikes that occur outside the

well-defined oscillatory cycle. Through this, they disturb the temporal relationship

between the excitatory and inhibitory cycles (Mechanism - I). However, this destruction

happens only when there are a optimal number of bursting spikes. If the number of burst

spikes exceed a certain critical number, the bursting activity merely shifts the phase of

the subsequent oscillatory cycles.
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On the other hand,the temporal clumping of spikes in pre-synaptic bursting neurons

can increase the variance of the membrane potential of the post-synaptic and increase

their firing rate. In appropriate regimes, this change in the firing rates could move the

population activity from an asynchronous state to synchronous state(Mechanism - II)

(cf. Fig. 4.1). Bursting activity, irrespective of whether it is excitatory or inhibitory,

can influence the network through both these mechanisms.

In our simulation results from the spiking neuron network model, we observe that

Mechanism-I is predominantly expressed when the STN neurons are bursting. Mechanism-

II plays a prominent role when a portion of GPe neurons fire bursts. The STN rate are

seen to be predictive of the network state while the GPe rate is not (cf. Fig. 4.2). Hence,

the temporal imbalances in network activity with the addition of bursting neurons in

STN affects the network activity. On the other hand, since the changes in the GPe

activity alone, when the STN activity is unchanged, is not sufficient to alter network

activity, Mechanims-I does not express itself when GPe neurons are made to burst. But

Mechanism-II expresses itself more when the GPe neurons are bursting. This is because,

this mechanism is the significant changes in firing rate caused by the addition of bursting

neurons. The firing rate of GPe ( 40 Hz) and its size (3000 neurons) is much more than

that of the STN. Hence any effective changes in the GPe has more influence on the state

of the STN and consequently on the state of the STN-GPe circuit.

Experimental results show that the proportion of bursting spikes in GPe increase in

Parkinsonism compared to healthy conditions [26, 27]. We used SSBN to increase the

proportion of bursting neurons in GPe without altering the gain of the constituent

neurons. We found that the addition of BS neurons enhanced oscillations in the STN-

GPe circuit (cf. Fig. 4.4). In contrast, the addition of BS neurons in STN destroyed

oscillations.

On the contrary, when the bursting neurons are added in the STN, the existing oscil-

lations in the STN-GPe circuit are destroyed. Experimental data reveal along with the

increase in bursting activity in GPe, a simultaneous increase in proportion of bursting

spikes in STN during Parkinsonism. Our results suggest that the bursting activity in-

crease in STN might be compensatory. This is also indirectly supported by observations

that STN-DBS is only therapeutic in the range where it generates regular bursting ac-

tivity (135-180Hz, 90-200µ secs stimulation, [101].

Bursting neurons in STN influence the network activity with Mechanism - I. However,

it is observed that when the proportion of bursting neurons in STN crosses a critical

amount, they reinforce the oscillations. We also observe that if the ongoing oscilla-

tions are strong then the STN bursting cannot destroy the oscillations (cf. Fig. 4.5

F). Experimental results show that an increased bursting in STN is associated with an
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increase in hyperpolarization of the neuron‘s membrane potential[102]. Therefore, in-

creased synchronous activity in the GPe network could induce bursting activity in STN

neurons,which could then desynchronize this activity for a few cycles. Recent experi-

mental evidences indicate that when the amplitude correlations between the STN and

GPe oscillatory cycle reaches a high value, an abrupt disruption of oscillations is ob-

served [103]. Such destruction of oscillations could be caused when the bursting activity

in the STN population is network-state dependent.

It is observed that, in the Basal Ganglia when movement is to be initiated β oscillations

disappear [104, 105] . Although, the β oscillations disappear during movement onset,

they might play a role in other aspects of a sensory-motor task, for eg. cue utilization

([40]). Our results show that the bursting activity can destroy, enhance as well as shift

the phase of the oscillations.

A significant proportion of spikes even in healthy conditions in STN and GPe are bursting

[26, 27]. In healthy conditions, however, the oscillations disappear during movement

initiation. Our results indicate that the bursting activity could both cause as well

as destroy oscillations in the subthalamo-pallidal circuit. Therefore, we propose that

the bursting activity might serve as a convenient mechanism to initiate and destroy

oscillations on short time scales. However, dopamine depletion in BG leads to imbalance

in the activity states of STN and GPe. This activity imbalance changes the proportion

of bursting spikes in STN and GPe which shifts the STN-GPe circuit to a regime where

these oscillations can no longer be destroyed at will hence creating a further shift from

the baseline activity of BG (cf. Fig. 4.6) .

Different pharmacological interventions have been shown to be successful in controlling

the bursting activity [106, 107]. Using such methods to control bursting activity in GPe

and thereby the emergence of pathological oscillations is easily testable. Further, it has

also been shown to be possible to initiate bursting through pharmacological intervention

[106]. This gives the opportunity to maintain an optimal level of STN bursting which

could aid in the destruction of pathological oscillations.

In this study, apart from providing insights into why DBS of GPe is effective whereas

that of STN is not, we propose mechanisms by which the bursting activity in STN and

GPe control the pathological oscillations in Basal Ganglia.
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Chapter 5

Discussion

Basal ganglia (BG) is the area of the brain that is important for functions like action

selection, motor execution, motor learning, habit formation etc. It also gets affected

in brain diseases such as Parkinson’s disease (PD) which is characterized by cognitive

deficits and motor disorders like akinesia, tremor, bradykinesia etc. The anatomy of BG

have become more complex with the discovery of new subpopulations, projections or

properties of its constituent neurons. It is necessary to also update the the knowledge

about functional aspects of basal ganglia in view of these new components of the BG

structural. In this thesis, I used mean-field analysis and numerical simulation of spiking

network models of the BG to explore the functional effects of three such structural dis-

coveries :- a) role of striatal asymmetry in ‘Go’/‘No-Go’ bias b) functional classification

of homologies due to GPe-TA and GPe-TI subpopulations c) role of bursty neurons in

GPe-STN oscillations.

5.1 Striatal asymmetry and decision transition threshold

In chapter 2, I explored the effect of striatal asymmetry on its bias for a typical ‘Go’/‘No-

Go’ decision using a mean field and a spiking network model. In computational models

so far [4, 5, 11, 17], D1-MSNs and D2-MSNs have been considered as interchangeable

inhibitory neuron subpopulations. However, recent experimental data shows that the

connectivity of striatal circuit is asymmetrical and D2-MSNs inhibit D1-MSNs more

than vice versa [22]. Moreover, the FSIs preferentially inhibit D1-MSNs more than the

D2-MSNs.

The mean field and spiking network model showed that this asymmetry ensures that

the striatal bias is towards ‘No-Go’ for the same amount of cortical input, proposing

that ‘No-Go’ might be the default striatal state. This is a desirable property in order

88
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to prevent activation of the thalamus to spurious cortical inputs. The analysis also pro-

posed the presence of a decision transition threshold (DTT) i.e the amount of cortical

input where the striatal bias changes from ‘Go’ to ‘No-Go’, when the asymmetry was

compensated by extra cortical input to D1-MSNs. The exact amount of cortical input

at which the DTT tips over depends on the severity of this asymmetry or the amount by

which the input to D1-MSNs is compensated. The other factors that affect the threshold

are: the strength and correlations in the cortical input, activity of FSI neurons, levels

of dopamine etc. I found that lower cortical input frequency resulted in a striatal bias

towards ‘Go’, but higher cortical input towards ‘No-Go’, which might be a striatal mech-

anism to prevent initiating an action in presence of high cortical input as is observed in

high conflict decisions [108]. In terms of input correlations within the pre-synaptic pool

of cortical neurons, I found that there is an optimal level of within correlations, that

maximize the bias towards D1-MSNs, whereas large amount of shared input correlations

(between the input pools to D1-MSNs and D2-MSNs) leads to dilution of the bias with

similar amounts of activity for D1-MSNs and D2-MSNs. Hence the model predicts that

an increase in the decision conflict should be characterized by increase in cortical firing

rates as well as an increase in input correlations.

5.2 Parkinson’s disease as a repertoire of dynamical fea-

tures

In chapter 3, I designed a framework to functionally classify homologous networks of

basal ganglia. Homologous networks are defined to be networks with disparate parame-

ters but similar network activity. GPe has widely considered to be a homogenous nucleus,

however recent data shows that it consists of at least two sub-populations which differ

in their firing rate and phase relationships to cortical activity as well as their preferred

nucleus of projection. A genetic algorithms based method for parameters search was

used to find all combinations of 20 free parameters that fit the firing rate and phase

relationships criteria as were observed in [1] for putative PD and healthy networks. It

was observed that many different combinations of the free parameters met the criteria.

All such networks are called homologous networks.

In order to reduce the dimensions of the analysis, the networks are mapped onto a space

of two dynamical features: - a) GPi suppression (GS) to a transient cortical input pulse

b) Susceptibility to oscillations (SO) in response to a transient cortical input pulse. GS

is calculated as the fraction of GPi baseline activity that decreases due to the transient

pulse and ranges between -1 (GPi activity increases during the transient cortical input)

and 1 (GPi activity is completely suppressed). SO is calculated indirectly by calculating
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Figure 5.1: This scheme shows the balance of ‘Go’/‘No-Go’ pathways (Green/Red)
for initializing an action.The asymmetric connectivity between D1-MSNs and D2-MSNs
neurons in the striatum (the so-called medium spiny neurons, MSNs) imposes ‘No-Go’
as a default state (larger area under ‘No-Go’, red color). But this inherent bias can be
compensated by a stronger cortical input to the ‘Go’ pathway (thicker arm). The other
factors that bias a decision towards the ‘Go’ pathway are higher levels of Dopamine and
the low activity of a third type of neurons in the striatum, the fast-spiking interneurons,
FSI. The factors that bias a decision towards the ‘No-Go’ pathway are low levels of
dopamine and higher FSI activity. High cortical correlations bias ‘Go’ and ‘No-Go’
pathway equally, thereby further increasing the potential conflict in a ‘Go’/‘No-Go’

decision.

spectral entropy (SE), which is the measure of entropy of the power spectrum of the

signal.

This framework allowed me to decompose PD into repertoire of dynamical features.

I found that the putative pathological networks showed either a deficit in one of the

features (for eg, low GPi suppression or high suscpetibility to oscillations) or both of

the features and formed different functional groups or network states. The majority of

putative healthy networks on the other hand scored high on both features (high GPi

suppression and low susceptibility to oscillations) but some of them showed a deficit and

fell into one of the functional groups.

The transitions among these network states revealed that the most important factors

for a state are the strength of cortico-striatal projections (Jd1ctx, Jd2ctx) and pallido-

pallidal projections (Jtiti). The cortico-striatal projections are already known to be

significant projections as therapeutic targets for PD such as L-Dopa. The possibility of

self-inhibitory projections among the prototypical GPe cells is yet to be explored.
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Figure 5.2: 100 samples were randomly picked from the source state and the weights
that contributed maximum to the euclidean distance between the source and target
states were modified. The fraction of 100 samples that landed in the target state on
weight modification was termed as transition probability. Outgoing projections from
a state add up to 1 ,but in order to make the graph more readable, only the edges
accounting for transition of > 80% of samples were considered. Hence the outgoing
projections add up to ≥ 0.8. State colored in red represents the state showing deficits in
both dynamical features (negative GS, high SO) and the state colored in cyan represents
the state showing no deficit (high GS, low SO). Note they are multiple pathways from

high deficit to no-deficit state.

5.3 Bursting as a mechanism for short lived GPe-STN os-

cillations

In chapter 4, I explored the effect of bursting on oscillations in a spiking network model

of GPe-STN in collaboration with a colleague. β -oscillations in PD are not only char-

acterized by firing rate changes (decrease in GPe and increase in STN firing rates) but

also an increase in % of bursty spikes in both, GPe and STN[26, 27]. However, it is

not clear whether the bursting spikes and the oscillations share a causal relationship or

increase in burst firing during pathological oscillations is merely an epiphenomenon.

In order to disentangle the effect of firing rates and firing patterns, I used the novel

neuron model:- Stochastic State-dependent Bursty neuron (SSBN) designed originally

for the work - Dynamical state of the network determines the efficacy of single neuron

properties in shaping the network activity [28] . This neuron model ensures that the

f − I curve of the neuron remains the same irrespective of the change in its burst size

of firing that can be controlled externally. This enables a fair comparison on the basis
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of just the firing patterns because the output firing rate remains constant due to fixed

f − I curves.

The neurons in GPe and STN were systematically replaced by SSB neurons and the

oscillations of the network state were measured with the help of spectral entropy (SE)

used in the chapter 3. We observed that effect of bursty neurons depended on the

initial network state as well as whether they originated in GPe or STN. The bursty

neurons in GPe always lead to an decrease in the SE, however those in STN lead showed

a non-monotonic effect on the SE. Hence if the network state is on the border of AI

and oscillatory (SE≈0.5), bursty neurons in GPe will strengthen the oscillations and

lower the SE considerably. The bursty neurons in moderate amounts within STN on the

other hand destroyed the oscillations and increased the SE. However, in network states

with very strong oscillations (which occur with low GPe rates and high STN rates), the

increase in SE due to increase in bursty STN neurons is not enough to push the network

state to asynchronous irregular again.

The model proposes that operating at the borderline of asynchronous/synchronous

regime could enable the GPe-STN circuit to generate (GPe bursting) and kill (STN

bursting) oscillations at short time scales which are also seen in healthy animals [40]. In

PD, the network is shifted deep into the synchronous regime, where STN bursting can

no longer destroy oscillations hence causing persistent oscillations as seen in PD.

This is shown by the figure 5.3, where the % of burstiness of GPe and STN neurons are

dependent on the fano factor (FF) of the network defined as :

FF =
σ(PSTH)

µ(PSTH)
(5.1)

where σ represents the variance of network activity PSTH, µ represents the mean of

the network activity PSTH. The higher is the FF, the higher is the synchrony in the

network.

As it can be observed in figure 5.3, the synchrony of GPe-STN circuit slowly builds with

time. It could be initiated by a strong inhibitory pulse from D2-MSNs. With the decrease

in GPe firing rates, the STN firing rate increases hence entraining the GPe, thereby

increasing the FF of the whole network. The increase in FF, increases the burstiness in

GPe neurons, which in turns further strengthens the oscillations. This goes on till the

increase in synchrony is enough to trigger the burstiness in STN neurons (shown by blue

dashed line), at which time synchrony decreases. Similar observation was made in [103],

where the amplitude correlation between STN-GPe was found to be maximum when

their phases were locked but a sudden drop in amplitude correlation occured as soon as

this phase locking was lost. A phase locking between GPe-STN is observed during the
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Figure 5.3: Cascade effect of high input in increasing the oscillatory activity. A high
inhibition from striatum could decrease the GPe firing rate and consequently FF of
the STN-GPe circuit. This consequently increases the bursting activity in the GPe
population. This feedback loop is broken when the STN bursting kicks in (blue dotted

line)

strong oscillations which initiated with GPe and STN rate effects and/or GPe bursting.

When STN bursting kicks in (blue dashed line), it leads to temporal jittering of the

phase locking between GPe and STN, thereby resulting in reduction in the synchrony.

The model suggests that this loss in synchrony and phase locking between GPe-STN

might be due to triggering of STN bursting as a compensatory mechanism.

5.4 Novel insights about brain diseases involving basal gan-

glia dysfunction

The above computational models provide plausible mechanistic explanations for differ-

ent aspects of BG dysfunction. Firstly, the presence of a DTT emphasizes the role of

striatum in actively setting a ‘Go’/‘No-Go’ bias in BG. The modulation of DTT by

external agents such as dopamine could give a mechanistic explanation for LID (L-Dopa

Induced Dyskinesia) and akinesia. In high dopamine conditions, the D1-MSNs are com-

pensated by a larger amount of cortical input that shifts the DTT towards higher cortical

inputs, hence increasing the area with striatal bias towards ‘Go’. It can be interpreted
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that, a cortical input rate which was interpreted as a striatal bias towards ‘No-Go’ in

normal conditions, is interpreted as striatal ‘Go’ in high dopamine conditions (charac-

terized by increased input to D1-MSNs), resulting in reduced GPi activity during LID.

Indeed, it has been shown that injection of dopamine agonists in MPTP treated non-

human primates induced dyskinesia and showed a marked decrease in GPi firing rates

[65]. Similarly, a decrease in dopamine levels lead to shifting DTT towards lower corti-

cal input and misinterpretation of striatal ‘Go’ to striatal ‘No-Go’. The strengthening

of the ‘No-Go’ pathway might not only reduce the GPe disinhibition, but also initiate

oscillations in the GPe-STN circuit [15], leading to akinetic symptoms.

This model also explains the observation that selective inhibition of FSIs cause dystonia

in animal models [66]. Since FSIs preferentially inhibit D1-MSNs as compared to D2-

MSNs, a selective inhibition of FSIs will shift the striatal bias (DTT) towards D1-

MSNs or ‘Go’ pathway, leading to involuntary movements. This is also supported by

observations that Tourette syndrome and dystonia are also characterized by reduction

in FSIs count.

The model suggests that FSI preferentially innervate D1-MSNs [23] in order to maintain

the default state of striatal bias as ‘No-Go’ under equal cortical drive. Interestingly in

the mouse model of PD, three days after dopamine depletion, the FSIs doubled their

connectivity to D2-MSNs as compared to D1-MSNs [71]. This model suggests that this

could be a compensatory mechanism to counter the increase in ‘No-Go’ bias in the

striatum during dopamine depletion.

5.5 Dynamical feature based approach to PD pathology

The homologous networks in chapter 3 suggest how a complex set of interacting nuclei

like BG is a perfect substratum for degeneracy. The variance shown by PD as a pathology

might also be rooted in this degeneracy and suggests that it might be more tractable

to study PD as a repertoire of dynamical features. The advantages of decomposing the

PD pathology in terms of dynamical features are severalfold:

• PD is a complex disease involving deficits in multiple pathways in the basal ganglia.

There is a better chance to understand PD by decomposing it into dynamical

features and then therapeutically targeting these dynamical features.

• To study the variance among the PD cases by exploring the dominance of one

dynamical feature over another or both across these cases.

• To study the transitions between the dynamical features:- hence gaining insights

about the projections responsible for a dynamical feature.
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• To study the transitions within the same dynamical state:- compensatory tran-

sitions within a dynamical feature, especially corresponding to putative healthy

networks (high GS and low SO), hence exploring the difference between compen-

satory and pathological plasticity. This is an important distinction so as to target

only the pathological plasticity and not the compensatory ones.

5.6 Future work

Each of the three main questions that I have addressed in this thesis go beyond providing

novel mechanistic explanations of biological phenomena and open new avenues for future

research.

5.6.1 Striatal model for DTT

This model considers striatum as a single action unit with just one ’Go’ and ’No-Go’

counterparts and hence just one DTT. But ideally, there are multiple channels of com-

peting motor programs which can be envisioned as mutually competing DTT’s. Thus,

future work will include the extension of this model to incorporate multiple action chan-

nels. Indeed, Cui et al. 2013 [44] suggest that a non-selective global deactivation of

D2-MSNs in the striatum would abolish suppression of most unwanted motor programs

and, hence, lead to hyperkinesia. It can be argued that our model represents such a

global activation and deactivation of D1-MSNs and D2-MSNs in the striatum.

Another possible extension is in the domain of reinforcement learning. Though a lot of

work has been done to elucidate the role of D1-MSNs and D2-MSNs MSNs in reinforce-

ment learning in many studies [7, 109] along with actor-critic models on spiking neural

networks [110], they all consider D1-MSNs and D2-MSNs channels to be non-interacting.

This striatal asymmetry could be used as a learning bias for/against the D2-MSNs/D1-

MSNs pathways and could be used to explore how the learning bias changes with loss

or excess of dopamine.

5.6.2 Functional homologs of basal ganglia

This framework does some preliminary work on functionally classifying the homologous

networks in basal ganglia. This work has extensive possibilities for further exploration.

Firstly, the framework can be resued to study other such updates in basal ganglia struc-

ture. Secondly, I have only used two dynamical features for the functional classification
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but this classification can be extended to other dynamical features as functional connec-

tivities, thereby providing more intricate separation between the homologous networks

in network dynamics manifold. These networks are different in terms of dynamical fea-

tures, which means they will also react differently to dynamical perturbations. This

insight can be used to study the effect of network analogs of therapies like L-dopa treat-

ment and DBS and the variance encountered in response to these treatments. It would

also give insights about what aspects of network dynamics do these therapies target.

The transition probability graph shown in Figure 5.2 can be explored with detailed

graph analysis, for example, to explore the various paths across the states which could

be insightful of various paths that a pathology could take across the dynamical feature

landscape.

5.6.3 Bursting and oscillations in GPe-STN circuit

This work proposes a hypothesis that GPe bursting enhances the oscillations and also

trigger the compensatory STN bursting, which works at killing these oscillations, hence

providing a mechanism to generate and kill oscillations on short time scales in normal

conditions. In pathological conditions though, the oscillations can no longer be culled

due to change in the initial state of the network. This hypothesis can be checked in

animal models using either pharmacological intervention to induce bursts in GPe and

STN or via optogenetic stimulations. Optogenetic experiments are more well suited

because a light pulse is more likely to generate multiple spike response in neurons and

provides a better temporal control over the input.

5.7 Importance of computational models

The power of a well-designed computational model is such that a firing-rate model [2]

proposed two decades ago still influences experimental paradigms [31] and since then has

inspired many models exploring the ideas of functional pathways in the basal ganglia

[4, 5, 12] . It is true, that since then various limitations of the rate model have also come

into light [111], but the original idea has contributed enormously to understanding many

functional aspects of basal ganglia. With the advancement in experimental techniques,

there will not only be more experimental data available but also means to manipulate the

activity of various sub-circuits (e.g optogenetics). In such a scenario, the computational

modeling can assume a very powerful and central role in elucidating the mechanisms

behind prevalent functions of basal ganglia. It is however, required to forge closer links

between experiments and models as well as strike a good balance between the complexity
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invested in the model to make it biologically realistic and the simplicity of analyzing

and manipulating the model.
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[1] Nicolas Mallet, Alek Pogosyan, László F Márton, J Paul Bolam, Peter Brown, and

Peter J Magill. Parkinsonian beta oscillations in the external globus pallidus and

their relationship with subthalamic nucleus activity. The Journal of neuroscience

: the official journal of the Society for Neuroscience, 28(52):14245–58, December

2008. ISSN 1529-2401. doi: 10.1523/JNEUROSCI.4199-08.2008. URL http:

//www.ncbi.nlm.nih.gov/pubmed/19109506.

[2] Roger L Albin, Anne B Young, and John B Penney. The functional anatomy of

disorders of the basal ganglia. Trends in Neurosciences, 18(2):63–64, 1995. ISSN

0166-2236. doi: http://dx.doi.org/10.1016/0166-2236(95)80020-3. URL http:

//www.sciencedirect.com/science/article/pii/0166223695800203.

[3] P. Redgrave, T.J. Prescott, and K. Gurney. The basal ganglia: a vertebrate

solution to the selection problem? Neuroscience, 89(4):1009 – 1023, 1999. ISSN

0306-4522. doi: http://dx.doi.org/10.1016/S0306-4522(98)00319-4. URL http:

//www.sciencedirect.com/science/article/pii/S0306452298003194.

[4] K Gurney, T J Prescott, and P Redgrave. A computational model of action

selection in the basal ganglia. I. A new functional anatomy. Biological Cybernetics,

84(6):401–10, June 2001. ISSN 0340-1200. URL http://www.ncbi.nlm.nih.gov/

pubmed/11417052.

[5] Michael J Frank, Johan Samanta, Ahmed A Moustafa, and Scott J Sherman.

Hold your horses: impulsivity, deep brain stimulation, and medication in parkin-

sonism. Science, 318(5854):1309–12, December 2007. ISSN 1095-9203. doi: 10.

1126/science.1146157. URL http://www.ncbi.nlm.nih.gov/pubmed/17962524.

[6] W Schultz. Predictive reward signal of dopamine neurons. Journal of neurophys-

iology, 80(1):1–27, 1998. ISSN 0022-3077. doi: 10.1007/s00429-010-0262-0.

[7] Michael J Frank, Lauren C Seeberger, and Randall C O’reilly. By carrot or by

stick: cognitive reinforcement learning in parkinsonism. Science (New York, N.Y.),

98



Bibliography 99

306(5703):1940–3, December 2004. ISSN 1095-9203. doi: 10.1126/science.1102941.

URL http://www.ncbi.nlm.nih.gov/pubmed/15528409.

[8] Pierre Berthet and Anders Lansner. Optogenetic stimulation in a computational

model of the basal ganglia biases action selection and reward prediction error.

PloS one, 9(3):e90578, January 2014. ISSN 1932-6203. doi: 10.1371/journal.pone.

0090578. URL http://www.pubmedcentral.nih.gov/articlerender.fcgi?

artid=3948624&tool=pmcentrez&rendertype=abstract.

[9] Wiebke Potjans, Abigail Morrison, and Markus Diesmann. A spiking neural

network model of an actor-critic learning agent. Neural Comput., 21(2):301–

339, February 2009. ISSN 0899-7667. doi: 10.1162/neco.2008.08-07-593. URL

http://dx.doi.org/10.1162/neco.2008.08-07-593.

[10] Kenji Morita and Ayaka Kato. Striatal dopamine ramping may indicate flexible re-

inforcement learning with forgetting in the cortico-basal ganglia circuits. Frontiers

in neural circuits, 8(April):36, January 2014. ISSN 1662-5110. doi: 10.3389/fncir.

2014.00036. URL http://www.pubmedcentral.nih.gov/articlerender.fcgi?

artid=3988379&tool=pmcentrez&rendertype=abstract.

[11] S J van Albada and P A Robinson. Mean-field modeling of the basal ganglia-

thalamocortical system. I Firing rates in healthy and parkinsonian states. Journal

of Theoretical Biology, 257(4):642–63, April 2009. ISSN 1095-8541. doi: 10.1016/

j.jtbi.2008.12.018. URL http://www.ncbi.nlm.nih.gov/pubmed/19168074.

[12] Arthur Leblois, Thomas Boraud, Wassilios Meissner, Hagai Bergman, and David

Hansel. Competition between feedback loops underlies normal and pathological

dynamics in the basal ganglia. Journal of Neuroscience, 26(13):3567–83, March

2006. ISSN 1529-2401. doi: 10.1523/JNEUROSCI.5050-05.2006. URL http:

//www.ncbi.nlm.nih.gov/pubmed/16571765.

[13] Mark D Humphries, Ric Wood, and Kevin Gurney. Dopamine-modulated dynamic

cell assemblies generated by the GABAergic striatal microcircuit. Neural networks

: the official journal of the International Neural Network Society, 22(8):1174–

88, October 2009. ISSN 1879-2782. doi: 10.1016/j.neunet.2009.07.018. URL

http://www.ncbi.nlm.nih.gov/pubmed/19646846.

[14] Adam Ponzi and Jeff Wickens. Sequentially switching cell assemblies in random

inhibitory networks of spiking neurons in the striatum. Journal of Neuroscience,

30(17):5894–911, April 2010. ISSN 1529-2401. doi: 10.1523/JNEUROSCI.5540-09.

2010. URL http://www.ncbi.nlm.nih.gov/pubmed/20427650.



Bibliography 100

[15] Arvind Kumar, Stefano Cardanobile, Stefan Rotter, and Ad Aertsen. The

role of inhibition in generating and controlling Parkinson’s disease os-

cillations in the Basal Ganglia. Frontiers in Systems Neuroscience, 5

(October):86, January 2011. ISSN 1662-5137. doi: 10.3389/fnsys.

2011.00086. URL http://www.pubmedcentral.nih.gov/articlerender.fcgi?

artid=3199726&tool=pmcentrez&rendertype=abstract.

[16] David Terman, Jonathan E Rubin, A C Yew, and C J Wilson. Activity Patterns

in a Model for the Subthalamopallidal Network of the Basal Ganglia . J Neurosci,

pages 2963–2976, April 2002.

[17] Mark D Humphries, Robert D Stewart, and Kevin N Gurney. A physiologi-

cally plausible model of action selection and oscillatory activity in the basal gan-

glia. Journal of Neuroscience, 26(50):12921–42, December 2006. ISSN 1529-2401.

doi: 10.1523/JNEUROSCI.3486-06.2006. URL http://www.ncbi.nlm.nih.gov/

pubmed/17167083.

[18] Kevin N. Gurney, Mark D. Humphries, and Peter Redgrave. A New Framework

for Cortico-Striatal Plasticity: Behavioural Theory Meets In Vitro Data at the

Reinforcement-Action Interface. PLoS Biology, 13(1):e1002034, January 2015.

ISSN 1545-7885. doi: 10.1371/journal.pbio.1002034. URL http://dx.plos.org/

10.1371/journal.pbio.1002034.

[19] Richard S. Sutton and Andrew G. Barto. Introduction to Reinforcement Learning.

MIT Press, Cambridge, MA, USA, 1st edition, 1998. ISBN 0262193981.
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