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Abstract

The basal ganglia, a set of deep forebrain nuclei, are among the brain regions involved in move-

ment initiation and suppression. Although many studies have investigated the neural coding

underlying these two aspects of movement, there are still questions that need to be addressed.

In this thesis, I used computational models of motor thalamus and the basal ganglia at three dif-

ferent levels to improve the understanding of the neural coding our brain utilises to initiate and

suppress movement. I used a Hodgkin-Huxley model of a thalamocortical neuron to investigate

the transmission of a motor signal (i.e. movement initiation) from the basal ganglia output to

the motor thalamus through post-inhibitory rebound spikes. I investigated the impact of patho-

logical activity of the basal ganglia output (e.g. in Parkinson’s disease) and the impact of sensory

responses in the basal ganglia output and cortical excitation to the thalamus on these signals. I

showed that correlations in the basal ganglia output (representing pathological activity) disrupt

the transmission of motor signals via rebound spikes by decreasing the signal-to-noise ratio and

increasing trial-to-trial variability. In addition, I found that both the sensory responses and

cortical inputs could either promote or suppress the generation of rebound spikes depending on

their timing relative to the motor signal. Finally, in the model rebound spiking occurred despite

the presence of moderate levels of excitation, indicating that rebound spiking might be feasible

in a parameter regime relevant also in vivo.

In addition to movement initiation, I investigated the role of basal ganglia in movement suppres-

sion using a spiking network model of the basal ganglia. I simulated a stop-signal task in the

model by stimulating it with realistic patterns evoking movement-related activity in the stria-

tum and substantia nigra pars reticulata (SNr) and evoking stop-related activity in subthalamic

nucleus (STN) and arkypallidal neurons in globus pallidus externa (GPe Arky). I found that

a Stop response in STN delayed initiation of movement that was detected by observing SNr

activity. In addition, I showed that a Stop response in GPe Arky suppressed movement-related

activity in the striatum and via direct pathway in SNr. However, the pattern of these suppressed

movement-related activities did not match with previous experimental observations in successful

Stop trials. I explained this mismatch using a biophysically detailed multicompartmental model

of projection neurons in the striatum. I found that the long-lasting depolarisations at the level

of the soma, resulting from dendritic plateau potentials evoked by clustered excitatory inputs

at distal dendrites, could evoke movement-related activity in these striatal neurons. The inhibi-

tion from GPe Arky targeting the excited dendrites could fully suppress the movement-related

activity matching with experimental recordings in successful Stop trials.

In conclusion, the nigrothalamic model in this thesis provides novel insights into the transmission

of motor signals from the basal ganglia to motor thalamus by suggesting new functional roles for

active decorrelation and sensory responses in the basal ganglia, as well as cortical excitation of

motor thalamus. Moreover, the simulation results of the Stop-signal task support the idea that

the basal ganglia suppress movement in two steps: STN delays movement and then GPe Arky

cancels movement.
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Abstrakt

Basala ganglierna, en djupt liggande grupp av nervcellskärnor i framhjärnan, tillhör de hjärnregio-

ner som är involverade i initieringen av samt undertryckandet av motorkommandon. Trots att

det finns en mängd studier av hur nervsignaler kodar informationen för initiering och inhiber-

ing av motorkommandon s̊a finns det många fr̊agor kvar att besvara kring ämnet. I denna

avhandling använde jag tre olika slags beräkningsmodeller av motoriska delen av thalamus

samt basala ganglierna för att förbättra först̊aelsen av den neurala kodningen som v̊ar hjärna

använder för att initiera och undertrycka motorkommandon. Jag använde en Hodgkin-Huxley-

baserad modell av ett thalamo-kortikalt neuron för att undersöka hur ett motorkommando (dvs

rörelseinitieringssignal) kan propagera fr̊an basala ganglierna till den motoriska delen av tha-

lamus via s.k. post-inhibitoriska ‘rebound’-spikar. Jag undersökte hur en s̊adan motorsignal

p̊averkas av patologisk aktivitet i basala ganglierna (t ex den som ses vid Parkinsons sjukdom)

samt vilken inverkan sensoriska responser i basala ganglierna och kortikal aktivering av tha-

lamus kan ha. Jag visade att korrelationer i aktivitetsmönstret hos basala ganglierna (vilket

representerar patologisk aktivitet) stör överföringen av motorsignaler via ‘rebound’-aktiviteten

d̊a detta ändrar signal-brus-förh̊allandet samt ökar de variationerna som ses mellan varje up-

prepat försök. Dessutom fann jag att b̊ade de sensoriska responserna i basala ganglierna samt

den kortikala aktiveringen av thalamus kunde antingen främja eller undertrycka genereringen av

‘rebound’-aktivitet i thalamus beroende p̊a när dessa signaler ges tidsmässigt relativt motorsig-

nalen. Slutligen visade vi att ‘rebound’-aktivitet kan finnas i thalamus även vid medelmåttliga

aktiveringssniv̊aer, vilket indikerar att ‘rebound’-aktivitet kan tänkas förekomma i detta system

även in vivo. Förutom att undersöka basala gangliernas roll vid initiering av rörelse s̊a undersökte

jag med hjälp av en storskalig nätverksmodell av basala ganglierna även deras roll för inhibering

av rörelsekommandon. Jag använde modellen för att simulerade ett s.k. stopp-signalsexperiment.

Modellen aktiverades med realistiska mönster som framkallar rörelsesrelaterad aktivitet i stria-

tum (STR) och substantia nigra pars reticulata (SNr) samt framkallar stopp-relaterad aktivitet

i den subthalamiska kärnan (STN) och de arkypallidala neuronen i globus pallidus externa

(GPe Arky). Genom att observera aktiviteten i SNr fann jag att stopp-relaterad aktivitet

i STN försenade initieringen av ett rörelsekommando. Dessutom visade jag att den stopp-

relaterade aktiviteten i GPe Arky undertryckte den rörelsesrelaterade aktiviteten i STR, via

den s.k. ‘direkta vägen’ fr̊an striatum till SNr. Däremot matchade inte mönstret av denna

dämpande aktivering det man sett i tidigare lyckade s.k. ‘stopp’-experiment. Jag förklarade

denna felmatchning med hjälp av en biofysiskt detaljerad multikompartment-modell av projek-

tionsneuronerna i STR. Jag fann att l̊angvarig depolarisation i nervcellskroppen, till följd av

dendritiska plat̊apotentialer som inducerats med hjälp av klustrat excitatoriskt input till distala

dendriter, kunde framkalla rörelsesrelaterad aktivitet i dessa striatala neuroner. Inhiberingen

fr̊an GPe Arky neuron som projicerar sig till de aktiverade dendriterna kan helt undertrycka den

rörelsesrelaterade aktiviteten vilket matchar experimentella data fr̊an lyckade stopp-experiment.

Sammanfattningsvis har användningen av SNr-thalamus modellen i den här avhandlingen lett till

nya insikter om hur överföringen av motorsignaler fr̊an basala ganglierna till den motoriska de-

len av thalamus sker, och en ny betydelse har predicerats för aktiv dekorrelation och sensoriska

reaktioner i basala ganglierna s̊aväl som för kortikal aktivering av motorthalamus. Dessutom
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stöder simuleringsresultaten av stopp-experimenten hypotesen att rörelsen understrycks i basala

ganglierna i tv̊a steg: STN fördröjer rörelsen och sedan avbryter GPe Arky rörelsen.
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Zusammenfassung

Die Basalganglien, eine Reihe von Kernen tief im Vorhirn, gehören zu den Gehirnregionen, die

an der Bewegungsinitiierung und -unterdrückung beteiligt sind. Obwohl viele Studien die neu-

ronale Kodierung, die diesen beiden Aspekten der Bewegung zugrunde liegt, untersucht haben

gibt es immer noch Fragen die es zu klären gilt. In dieser Arbeit habe ich Computermodelle des

motorischen Thalamus und der Basalganglien auf drei verschiedenen Ebenen verwendet um das

Verständnis der neuronalen Kodierung, die unser Gehirn verwendet um Bewegungen zu initiieren

und zu unterdrücken, zu verbessern. Ich benutzte ein Hodgkin-Huxley-Modell eines thalamokor-

tikalen Neurons, um die Übertragung eines motorischen Signals (d.h. die Einleitung einer Bewe-

gung) von der Ausgangstation der Basalganglien auf den motorischen Thalamus durch postin-

hibitorische Rebound-Spikes zu untersuchen. Ich untersuchte die Auswirkungen von pathologis-

cher Aktivität am Basalganglienausgang (z.B. bei der Parkinson-Krankheit), die Auswirkungen

sensorischer Reaktionen in den Basalganglien und die Auswirkung kortikaler Anregung des Tha-

lamus auf diese Signale. Ich zeigte, dass Korrelationen im Basalganglienausgang (die pathol-

ogische Aktivität darstellen) die Übertragung von Motorsignalen über Rebound-Spikes stören,

indem sie das Signal-Rausch-Verhältnis reduzieren und die Variabilität von Versuch zu Versuch

erhöhen. Darüber hinaus fand ich heraus, dass sowohl sensorische Reaktionen als auch kor-

tikale Anregung die Erzeugung von Rebound-Spikes, abhängig von ihrem zeitlichen Ablauf im

Verhältnis zum Motorsignal, entweder fördern oder unterdrücken können. Schließlich traten in

dem Modell Rebound-Spikes trotz moderater Anregung auf, was darauf hindeutet, dass Rebound

Spiking in einem Parameter-Regime auftreten kann, welches auch in vivo relevant ist.

Zusätzlich zur Bewegungsinitiierung untersuchte ich die Rolle der Basalganglien bei der Be-

wegungsunterdrückung mit Hilfe eines großskaligen Netzwerkmodells der Basalganglien. Ich

simulierte eine Stoppsignalaufgabe im Modell, indem ich sie mit realistischen Mustern stim-

ulierte die im Striatum (STR) und der Substantia nigra pars reticulata (SNr) bewegungsbezo-

gene Aktivität, und im subthalamischen Kern (STN) und den arkypallidischen Neuronen im

Globus pallidus externa (GPe Arky) stoppbezogene Aktivität hervorrufen. Ich fand heraus,

dass die Stop-Reaktion im STN die Einleitung der Bewegung verzögert, indem ich die SNr-

Aktivität beobachtete. Darüber hinaus zeigte ich, dass die Stop-Reaktion in GPe Arky die

bewegungsbezogene Aktivität im STR und über den direkten Weg in der SNr unterdrückte. Das

Muster dieser unterdrückten bewegungsbezogenen Aktivität entsprach jedoch nicht den exper-

imentellen Beobachtungen wärend erfolgreichen Stop-Versuchen. Ich erklärte diese Diskrepanz

mit einem biophysikalisch detaillierten, mehrteiligen Modell von Projektionsneuronen im STR.

Ich fand heraus das lang anhaltende Plateaupotentiale im Soma, die durch kurze gebündelte

Erregung distaler Dendriten hervorgerufen werden, bewegungsbezogene Aktivität in diesen stri-

atalen Neuronen hervorrufen könnten. Die Hemmung von GPe Arky, die auf die angeregten

Dendriten abzielt, ist in der Lage die bewegungsbezogene Aktivität welche mit experimentellen

Aufzeichnungen in erfolgreichen Stop-Versuchen übereinstimmt, vollständig zu unterdrücken.

Zusammenfassend lässt sich sagen, dass das nigrothalamische Modell in dieser Arbeit neue

Erkenntnisse über die Übertragung von motorischen Signalen von den Basalganglien auf den

motorischen Thalamus liefert, indem es neue funktionelle Rollen für aktive Dekorrelation und
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sensorische Reaktionen in den Basalganglien, sowie für kortikale Anregung des motorischen Tha-

lamus vorschlägt. Darüber hinaus unterstützen die Simulationsergebnisse der Stop-Signalaufgabe

die Idee, dass die Basalganglien die Bewegung in zwei Schritten unterdrücken: STN verzögert

die Bewegung und GPe Arky bricht die Bewegung ab.
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Chapter 1

Introduction

Movement is one of the most frequent behaviours that humans and animals do during

their whole life. We often face situations where we have to move our body or limbs for

instance to reach food. In some occasions, due to alterations in the situation where we

are in, we need to stop doing what we have planned. This involves reactive stopping of

movement in response to unexpected external stimuli.

Initiation and suppression of movements have attracted many curiosities to understand

the underlying neural computations (e.g. Hanes and Schall, 1996, Krams et al., 1998).

One reason is that the answer to this question is one missing puzzle out of many to

understand how our brains work. Another reason is that in some neurological diseases

such as Parkinson’s disease and attention deficit hyperactivity disorder, diseased brains

have complications in initiation and suppression of movement. Due to the central role of

the basal ganglia in movement initiation and suppression (Aron et al., 2007), scientists

have studied these deep forebrain nuclei (e.g. Hikosaka et al., 1993, Jahanshahi et al.,

2015). However, there are still gaps in understanding the role of the basal ganglia in

movement initiation and suppression. One gap in our understanding is that how the

brain motor outputs (e.g. motor thalamus) that are downstream to the basal ganglia

responds to the movement signal in the basal ganglia output. Furthermore, how di↵erent

neural activity patterns that are relevant either physiologically or pathologically a↵ect

the activity of these output regions. The other gap is the precise neural coding the

basal ganglia utilise to perform movement suppression. The goal of this thesis is to use

computational models at di↵erent levels to fill in these gaps.

In the following, I briefly introduce the anatomy of the basal ganglia and their activity

patterns in healthy state during initiation and suppression of movement. In addition, I

mention the changes in the activity of the basal ganglia in Parkinson’s disease. Then, I

introduce a the related computational studies at the three levels that I use in this thesis.

1



Chapter 1. Introduction 2

Finally, I briefly explain the organisation of next chapters to introduce the research

questions that are addressed.

1.1 Basal ganglia anatomy

The basal ganglia consist of the striatum, subthalamic nucleus, STN, globus pallidus,

GP and substantia nigra, SN (Fig. 1.1). Some of these nuclei are divided into di↵erent

parts based on their neuron types or their inputs and outputs. In primates, the striatum

consists of caudate and putamen; GP consists of internal (GPi) and external (GPe) parts;

and SN consists of pars reticulata (SNr) and pars compacta (SNc). In rats, some nuclei

of the basal ganglia nuclei exist with di↵erent names while serving similar functions. For

instance, GPi is equivalent to rats’ entopeduncular nucleus (Steiner and Tseng, 2010).

The striatum, the largest basal ganglia nucleus, and STN are the main input structures

of the basal ganglia (De↵ains et al., 2016). The output nuclei of the basal ganglia are SNr

and GPi (Nelson and Kreitzer, 2014). Most basal ganglia nuclei use �-aminobutyric acid

(GABA) as neurotransmitter to transmit information within and between themselves

as well as between other brain regions communicating with the basal ganglia. There

are only two basal ganglia nuclei that do not release GABA: STN with glutamatergic

projections exciting its targets and SNc with dopaminergic projections, which can be

either excitatory or inhibitory depending on the type of dopamine receptor on the target

regions of SNc such as the striatum. Striatal projection neurons, medium spiny neurons

(MSNs), express two dominant dopamine receptors; D1 and D2. The e↵ect of dopamine

on D1 MSNs can be summarised as excitation while its e↵ect on D2 MSNs can be

summarised as inhibition (Akaike et al., 1987).

The basal ganglia receive inputs from variety of brain areas including cortex and the

thalamus. The cortical inputs are from almost all cortical regions including motor cor-

tical areas (Redgrave et al., 2010). The outputs of the basal ganglia, GPi and SNr,

target di↵erent regions in the brain. They target the thalamic nuclei that project to

frontal cortical areas involved in the planning and the execution of movement (Steiner

and Tseng, 2010). These output nuclei also project to thalamic intralaminar nuclei,

which provide inputs to the cortex and striatum. The other targets of the basal gan-

glia outputs, located in the midbrain, are involved in more specific types of movements.

Superior colliculus is involved in the generation eye movements (Hikosaka and Wurtz,

1983) while peduncolopontine nucleus is involved in orienting movements of the body

(Nelson and Kreitzer, 2014, Roseberry et al., 2016).
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Figure 1.1: The basal ganglia anatomical locations and their simplified internal and
external projections in a coronal view of a primate brain (top) and a sagittal view of
a rodent brain (bottom). The striatum (yellow region) receives input from variety of
cortical regions and thalamic nuclei. D1 MSNs project to GPi and SNr directly (direct
pathway), whereas D2 MSNs (red dots) project to GPi and SNr indirectly via projecting
to GPe (indirect pathway). The basal ganglia output, GPi and SNr, send inhibitory
projections to the thalamus and the brainstem (Figure taken from Nelson and Kreitzer,

2014).
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1.2 Neural coding of movement initiation and suppression

in the basal ganglia

The firing rate of some basal ganglia neurons change during movement initiation. Neu-

rons in the striatum increase their firing rate during movement initiation (Kravitz and

Kreitzer, 2012, Schmidt et al., 2013, Mirzaei et al., 2017, Parker et al., 2018). In contrast,

GPi/SNr neurons decrease their firing rate during movement initiation (Schultz, 1986,

Sato and Hikosaka, 2002, Leblois et al., 2007, Schmidt et al., 2013). Due to the inhibitory

projections from the striatum to GPi/SNr (Fig. 1.2A), this decrease in SNr activity can

originate from the firing rate increase in the striatum. The movement-related decrease

in GPi/SNr increases the activity of thalamus (Bosch-Bouju et al., 2013, Gaidica et al.,

2018), superior colliculus (Wurtz and Goldberg, 1972) and brainstem (Roseberry et al.,

2016) via the inhibitory projections from GPi/SNr.

During movement suppression, STN responds very fast to the sensory event (Stop cue)

instructing the suppression of movement (Schmidt et al., 2013). In addition to STN, a

subpopulation of neurons in GPe (arkypallidal neurons) show slower but longer responses

to Stop cue (Mallet et al., 2016). These two sensory responses in the basal ganglia

counteract with the movement-related activity in both striatum and SNr. Stop response

in STN briefly increases SNr firing rate via its excitatory projections to SNr (Fig. 1.2),

which opposes the movement-related decrease in SNr. Stop response in arkypallidal

neurons in GPe (GPe Arky) decrease striatal firing rate (opposing movement-related

increase) via their inhibitory projections to the striatum and therefore indirectly increase

SNr firing rate (Fig. 2A).

1.3 Basal ganglia in Parkinson’s disease

The first functional model describing how di↵erent nuclei in the basal ganglia work to-

gether and how their outcomes compromised in disease was developed in the early 1990s

(Albin et al., 1989, Alexander and Crutcher, 1990a; Fig. 1.2). This model can explain

the firing rate changes underlying dopamine depletion in the basal ganglia correspond-

ing to Parkinson’s disease. According to the opposing role of the dopamine on D1 &

D2 MSNs, the activity of D1 MSNs decreases compared to healthy state, while the ac-

tivity of D2 MSNs increases (Akaike et al., 1987). Consequently, D1 MSNs exert less

inhibition on GPi/SNr and make these two nuclei more active. In addition, D2 MSNs

exert more inhibition on GPe which has an inhibitory e↵ect on GPi/SNr and thereby

making GPi/SNr even more active. This hyperactivity of the basal ganglia output leads

to higher inhibition of their targets (e.g. motor thalamus), which in turn disrupts their
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Figure 1.2: Box and arrow representation of the basal ganglia. (A) The basal ganglia
circuitry in healthy state. (B) The basal ganglia circuitry in Parkinson’s disease state
shown as modification of connections indicated as the width of arrows. Degeneration of
dopaminergic projections decreases the activity of projection neurons in direct pathway
(D1 MSNs) while increasing the activity of projection neurons in indirect pathway (D2
MSNs). Both changes lead to weaker inhibition to the basal ganglia output, making it

more active and consequently over inhibiting motor outputs.

activity via a substantial reduction in the firing rate. This model suggests that over-

inhibition of motor centers by basal ganglia output underlies di�culties in movement

such as akinesia in Parkinson’s disease. However, this model does not account for other

Parkinson’s disease symptoms such as tremor at rest, which is a rhythmic muscular ac-

tivity. This limitation emerges because the description of this functional model is based

on firing rate as a measure of neural activity and can be improved by taking into account

the correlation among neurons in the basal ganglia.

1.4 Correlation in the basal ganglia

The activity of neurons in the healthy state in the basal ganglia is uncorrelated (Bar-

Gad et al., 2003), although there is some degree of input sharing among the neurons

in the basal ganglia that can lead to a certain degree of correlations (Wilson, 2013).

The uncorrelated activity in healthy state is important because a network of neurons
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with uncorrelated activity has the maximum information content (Rieke and Warland,

1999). Besides information capacity, in pathological states of the basal ganglia such as

Parkinson’s disease, the activity of neurons becomes correlated (Bar-Gad et al., 2003).

The concept of active decorrelation has been proposed as a mechanism preventing these

neurons become correlated (Bar-Gad et al., 2003, Wilson, 2013). Active decorrelation

takes place in the basal ganglia possibly due to the following reasons. The first reason

is that neurons in STN (Bevan and Wilson, 1999), GPe, GPi and SNr are pacemaker

neurons. However, the intuition that shared input leads to enhanced correlation is a

specific aspect of synaptic integration observed in silent neurons and not pacemaker

neurons. In pacemaker neurons, synaptic inputs have di↵erent e↵ects depending on the

timing of stimulus to the phase of oscillating neurons and the intrinsic properties of these

neurons (Gutkin et al., 2005, Wilson, 2013). In addition, in a more realistic scenario,

neurons in STN, GPe, GPi and SNr are firing neither with the same firing rate nor all at

the same phase. Therefore, the shared input that can synchronise the activity of neurons

with identical phases and firing rates, cannot synchronise the activity of neurons with

di↵erent phases and firing rates. This intrinsic heterogeneity is one possible source of

decorrelation of neurons in the basal ganglia. Another possible source of decorrelation

might be the numerous inhibitory axon collaterals in the basal ganglia providing negative

feedback to the whole network. This source of decorrelation has been already observed

in an excitatory-inhibitory network with non-pacemaking neurons (Tetzla↵ et al., 2012).

1.5 Computational models of the basal ganglia

For many years, the basal ganglia research relied on electrophysiological (e.g. Schultz,

1986, Alexander and Crutcher, 1990b, Bergman et al., 1998) and lesional approaches

(e.g. Laplane et al., 1989, Baunez et al., 1995). More recently, computational modelling

approaches have also helped these experimental approaches to improve the understand-

ing of the basal ganglia function and dysfunction. Due to the complexity of the basal

ganglia network, the application of computational approaches has become more and

more popular in the field of the basal ganglia. Developed computational models are

from single cell level to networks of networks (e.g. Rubin and Terman, 2004, Leblois

et al., 2006, Lindahl and Kotaleski, 2016) from very simple rate models (e.g. Gurney

et al., 2001a, Leblois et al., 2006, van Albada and Robinson, 2009) to detailed models of

neurons (e.g. Moyer et al., 2007, Evans et al., 2012, Du et al., 2017). These models have

investigated di↵erent basal ganglia functions such as action selection (Gurney et al.,

2001b, Leblois et al., 2006) and also investigated how such functions are compromised in

basal ganglia pathology, for instance in Parkinson’s disease. Some of these studies have
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even focused on the therapeutic e↵ect of deep brain stimulation in Parkinson’s disease

(Rubin and Terman, 2004, Kumar et al., 2011, Ebert et al., 2014).

In this thesis, I used three di↵erent models at three di↵erent levels to study movement

initiation and suppression in the basal ganglia. The first model is a Hodgkin-Huxley

model of a thalamocortical neuron at the level of point-neuron models. The second

model is a spiking network model of the basal ganglia at network level. The third model

is a multicompartmental model of a striatal projection neuron at the level of detailed

models of neurons. In the following, I briefly mention modelling studies in each of the

three levels that I cover in this thesis.

1.5.1 Models of nigrothalamic signal transmission

Motor thalamus is one of the regions in the territory of motor outputs of our brain

that receives motor signals via inhibitory inputs from the basal ganglia output such as

SNr. Investigating the transmission of these motor signals from SNr to thalamus has

attracted a lot of curiosity leading to several experimental and computational studies.

So far major computational studies focused on the thalamus equivalent region in avians’

brain (medial portion of the dorsolateral nucleus of the anterior thalamus, DLM). In

one of the computational studies, a Hodgkin-Huxley type model was developed (Leblois

et al., 2009) to explain the impact of inhibitory inputs on the spiking activity of a

DLM neuron in the absence of excitation. Using identical in vitro electrophysiological

data, another model was developed to investigate the spiking activity of a DLM neuron

when both excitation and inhibition were present (Goldberg et al., 2012). This model

was used to systematically investigate the activity patterns of a DLM model neuron

receiving di↵erent levels of cortical excitation and pallidal inhibition (Goldberg and Fee,

2012).

In chapter 2, I use a thalamocortical model neuron simplified in Rubin and Terman, 2004

to investigate the transmission of motor signals in nigrothalamic pathway. In contrast to

the models mentioned in the previous paragraph, this model is parametrised using rats’

electrophysiological data. In addition, the input spike trains used in chapter 2 mimic

the firing patterns recorded from rats doing a stop-signal task. To be consistent in the

model and the model’s inputs in terms of species, I use this model to investigate the

transmission of motor signals in nigrothalamic pathway.
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1.5.2 Network models of the basal ganglia

As the basal ganglia are a set of highly interconnected nuclei (Nelson and Kreitzer, 2014),

there are several studies capturing this feature of the basal ganglia by using network

models to address questions in the context of basal ganglia function and dysfunction.

One of the popular approaches used to build network models is the “mean-field” ap-

proach. This class of models capture population activity measures such as population

firing rates. This class has two major advantages: 1- there are few parameters to be

estimated and 2- simulating them is computationally e�cient.

One of the first models in this class is a mean-field model of basal ganglia investigating

action selection in a feedforward cortico-basal ganglia circuitry (Gurney et al., 2001a).

This model performed action selection in parallel pathways receiving salient inputs from

cortex and selected the pathway getting the most salient input. The action selection

aspect of the basal ganglia is also addressed in a more comprehensive mean-field model

of the basal ganglia considering the cortico-basal ganglia-thalamocortical loop (Leblois

et al., 2006). They investigated action selection in the basal ganglia under di↵erent

dopamine level mimicking di↵erent stages of Parkinson’s disease. There are also mean-

field models of the basal ganglia used to investigate the dynamics of cortico-basal ganglia-

thalamocortical network and the transitions between these dynamical states (van Albada

et al., 2009, Nevado-Holgado et al., 2014, Bahuguna et al., 2017).

Spiking network models are another class of models used in basal ganglia studies. These

network models involve a number of spiking model neurons in the basal ganglia network.

Although they have more parameters compared to mean-filed models that need to be

estimated, they provide access to the spiking activity of the model neurons that can be

compared directly with experimental recordings. In addition, this class of models can

show other population activity measures such as correlation among the model neurons.

Moreover, this class can show the e↵ect of changes in the synapses (e.g. pathological

changes) and the spike-timing-dependent plasticity on the activity of model neurons

(e.g. Rao and Sejnowski, 2001, Morrison et al., 2007).

Spiking network models have studied the basal ganglia from di↵erent aspects. There

are modelling studies investigating the dynamical features of STN-GPe network in the

basal ganglia in terms of irregular and rhythmic activity patterns (Terman et al., 2002,

Rubin and Terman, 2004, Kumar et al., 2011, Mirzaei et al., 2017, Ebert et al., 2014).

In addition, some of these models studied this network to address the e�cacy of deep

brain stimulation, an alternative treatment for the Parkinson’s disease patients that do

not respond to levodopa therapy (Rubin and Terman, 2004, Kumar et al., 2011, Ebert

et al., 2014). There are also modelling studies that investigate di↵erent aspects of neural
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coding in the striatum. These aspects involve investigation of action selection (Bahuguna

et al., 2015, 2018) and cortical input representation in the striatum (Yim et al., 2011).

The ability of basal ganglia in action selection is investigated in other modelling studies

that consider also other basal ganglia nuclei and targets of the basal ganglia output such

as superior colliculus. The goal of these studies was to find the neural mechanisms that

underlie the selection threshold in an action selection problem (Lo and Wang, 2006, Wei

et al., 2015, Lindahl and Kotaleski, 2016).

In chapter 3, I use a spiking network model of basal ganglia developed by Lindahl

and Kotaleski to investigate movement suppression in the basal ganglia. This model

considers new anatomical findings (back projections from GPe Arky to the striatum),

which is an important detail for investigating movement suppression. In addition, this

model benefits from a good simulation-experiment agreement by being validated against

variety of experimental in vitro and in vivo studies. These features of Lindahl and

Kotaleski, 2016 model improve the validity of simulation results in chapter 3.

1.5.3 Biophysically detailed multicompartmental models

The striatum, the input of the basal ganglia receives dopaminergic projections from SNc

and ventral tegmental area (VTA). Dopamine can send motivation and learning signals

to the striatum by modulating the activity of striatal neurons (Berke, 2018). Due to the

impact of dopamine on di↵erent ion channels and receptors, it is important to capture

these ion channels and receptors in models of MSNs. Therefore, several studies in this

field have focused on biophysically detailed modelling of these projection neurons in

striatum. In addition, due to increasing computational power provided for numerical

simulations, it is now even more essential to use more detailed models of neurons which

can capture the neuron properties better and more consistent (Blackwell et al., 2015).

One of the very early models at this level was 198-compartment model of a medium

spiny neuron in ventral striatum (Wolf et al., 2005), which was later improved in terms

of dopamine impact on its intrinsic properties (Moyer et al., 2007). The earlier study

was developed to address the impact of the ratio of AMPA to NMDA receptors on the

oscillation in ✓-band (4-8 Hz), whereas the latter focused on the impact of dopamine

on the intrinsic properties of the model neuron. Later, another detailed model neuron

was developed in order to investigate the impact of the NMDA current on spike-timing-

dependent plasticity (Evans et al., 2012). This model neuron was validated against in

vitro electrophysiological data from dorsal striatum, which is the striatal region involved

in sensorimotor processing. In a more recent study, another biophysically detailed model
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of MSNs is developed focusing on integrating more realistic morphology of these neu-

rons obtained from three-dimensional reconstruction of these neuron and modifying ion

channels’ densities to capture nonlinear integration properties such as dendritic plateau

potentials (Du et al., 2017).

In chapter 4, I use the biophysically detailed multicompartmental model of D1 MSNs

in striatum developed in Lindroos et al., 2018 to investigate initiation and suppression

of movement-related activity in striatum. This model is an improved version of the

model developed in Du et al., 2017). I use this model because it captures the dendritic

properties that are necessary to investigate the role of plateau potentials on initiation

and suppression of movement.

1.6 Thesis structure

I investigate the neural mechanisms underlying transmission of motor signals from the

basal ganglia output to the thalamus in chapter 2. The motor signal in this chapter

is movement initiation. I use a computational model of a thalamocortical neuron in

the thalamus (Rubin and Terman, 2004) and investigate how inhibitory spike trains

mimicking the activity of the SNr during movement initiation lead to spiking activity of

the model neuron. I investigate how this transmission is compromised when the activity

of the basal ganglia output is in pathological states (e.g. in Parkinson’s disease). I show

the e↵ect of sensory responses in the SNr on the transmission of motor signals. Since

thalamocortical neurons also receive excitation, I demonstrate the impact of excitation

on the transmission of motor signals.

One of the main results in chapter 2 is that motor signal in the SNr, i.e. decrease in firing

rate during movement initiation, lead to rebound spikes in the thalamocortical model

neuron. In chapter 3, I show the underlying neural mechanisms in the basal ganglia

that are crucial for suppressing movement (i.e. preventing movement-related decrease

in SNr). In this chapter, I use a spiking network model of the basal ganglia to test

“pause-and-then” model of stopping, which is one of the leading hypotheses describing

the role of basal ganglia in movement suppression. I consider again movement initiation

as motor signal that in the case of behavioural inhibition should be suppressed. The

hypothesis is that the basal ganglia utilise two di↵erent Stop processes in two di↵erent

neural populations to suppress this transmission. I generate realistic firing patterns

in striatum mimicking movement-related activity and realistic firing patterns in STN

and GPe mimicking Stop response. I show that fast brief Stop process in STN delays

movement initiation and the second slower longer process in GP arky can fully suppress

movement.
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One limitation of the modelling study in chapter 3 is that firing patterns in striatum

and SNr during suppression of movement do not match with experimental observations.

This di↵erence can be explained by the integration of excitatory and inhibitory inputs

at dendritic level in D1 MSNs. In chapter 4, I reproduce the firing rate increase during

movement initiation in a model of D1 MSN using combination of plateau potentials and

ongoing excitation. I show that inhibition at the site where dendritic plateau potential

initiates can suppress the plateau potentials and consequently suppress the movement

related increase in striatum. Suppression of firing rate increase in striatum prevent firing

rate decrease in the SNr. These two observations explain that plateau potentials may

underlie generating and suppressing movement related activity in striatum.

Finally, in chapter 5, I highlight the main findings of this thesis and discuss it with the

relevant studies in the field of basal ganglia. In addition, I propose research questions

that can further improve our understanding of the role of the basal ganglia in movement

initiation and suppression in healthy and pathological states.





Chapter 2

Transmission of motor signals

from the basal ganglia to the

thalamus: e↵ect of correlations,

sensory responses, and excitation

Mohammadreza Mohagheghi Nejad, Stefan Rotter, Robert Schmidt

2.1 Introduction

The basal ganglia (BG) have long been implicated in the selection and execution of vol-

untary movements (Albin et al., 1989, Alexander and Crutcher, 1990b, Redgrave et al.,

1999, Hikosaka et al., 2000). Classic “box-and-arrow” models of the BG (Alexander

and Crutcher, 1990a, Wichmann and DeLong, 1996) presume a propagation of motor

signals through the so-called direct pathway. Increased activity in the striatum, the

input region of the BG, reduces the activity in BG output regions (e.g. substantia nigra

pars reticulata, SNr), which in turn disinhibits the motor thalamus (Mthal) (Deniau

and Chevalier, 1985), and thereby enables movement. BG output neurons often have

high baseline firing rates and decrease their rate during movement in both rodents and

primates (Hikosaka and Wurtz, 1983, Schultz, 1986, Leblois et al., 2007, Schmidt et al.,

2013). However, recent studies have suggested a more complex picture on how BG

output a↵ects Mthal and motor cortex (Bosch-Bouju et al., 2013, Goldberg et al., 2013).

13
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Three di↵erent modes have been proposed for how the BG output can a↵ect thalamic

targets (Goldberg et al., 2013). In the first mode sudden pauses in BG inhibition of tha-

lamus lead to “rebound” spikes, which have been described in thalamocortical neurons

in the thalamus due to their intrinsic T-type Ca2+ channels (Llinás and Jahnsen, 1982).

Release from long-lasting hyperpolarisation (e.g. during movement) de-inactivates the

T-type Ca2+ channels and depolarises the membrane potential. For strong enough pre-

ceding hyperpolarisation, the membrane potential can even reach the spike threshold

without any excitation (Person and Perkel, 2005, 2007, Leblois et al., 2009, Kim et al.,

2017). However, thalamocortical neurons also receive excitatory input from cortex,

which can a↵ect the transmission mode. In the “disinhibition” mode the BG inhibition

can gate cortical excitation so that during pauses of inhibition the excitatory inputs

can evoke spikes in the thalamocortical neuron (Kojima and Doupe, 2009, Bosch-Bouju

et al., 2014, Edgerton and Jaeger, 2014). If these excitatory inputs are strong enough,

the thalamocortical neuron fires also during the presence of inhibitory inputs with fixed

short latency after the inhibitory input spikes from SNr (Goldberg et al., 2012, Goldberg

and Fee, 2012).

One prominent feature of the BG network is that neurons fire in an uncorrelated fashion,

despite the overlapping dendritic fields and local recurrent connections (Wilson, 2013).

Specific features of the BG such as pacemaking neurons and high firing rate heterogeneity

may act as mechanisms for active decorrelation of activity. This e↵ectively prevents

correlations among neurons, and a disruption of this mechanism leads to pathologically

correlated activity as in Parkinson’s disease (Bar-Gad et al., 2003). Increased correlated

activity has also been observed in BG output neurons in Parkinson’s disease (Bergman

et al., 1998), which may compromise the transmission of motor signals. Currently,

however, we do not know whether active decorrelation serves a function in BG output

and whether this function is compromised in Parkinson’s disease.

In addition to transmitting motor signals, BG output neurons may also be involved in

further sensory and cognitive processing. For example, SNr neurons also respond to

salient sensory stimuli instructing the initiation or stopping of movements (Pan et al.,

2013, Schmidt et al., 2013). However, how these sensory responses a↵ect thalamic motor

circuits remains unclear.

In the present study we used computational modelling to study the information trans-

mission from the BG to the thalamus via postinhibitory rebound spikes. We found

that uncorrelated BG output ensures a clear transmission of motor commands with

low trial-to-trial variability in the thalamic response latency. In contrast, pathological

correlations in SNr lead to a noisy transmission with high trial-to-trial variability. In

addition, we found that sensory responses in SNr can, depending on their timing relative
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to the movement-related decrease, either facilitate or suppress rebound spikes leading

to promote or suppress movement. Therefore, in the rebound transmission mode, un-

correlated activity and sensory responses in the BG output serve functional roles in the

coordinated transmission of motor signals. Finally, we found that the rebound spiking

mode persisted in the presence of excitation, strong enough to maintain baseline firing

rates reported in vivo (Bosch-Bouju et al., 2014).

2.2 Materials and methods

2.2.1 Model neuron

In this study we used a Hodgkin-Huxley type model of a thalamocortical neuron (Rubin

and Terman, 2004). The model has four di↵erent ionic currents: a leak current (IL), a

Na+ current (INa), a K+ current (IK), and a T-type Ca2+ current (IT ), which are deter-

mined by the membrane potential and the channel conductances and reversal potentials

(E). While the conductance of the leak current (gmax) is constant, the conductance for

Na+, K+ and T-type Ca2+ currents depends on the membrane potential and varies over

time. These voltage-dependent conductances are formed by the product of maximum

channel conductance (gmax) and voltage-dependent (in)activation variables (m, h, p and

r).

The model neuron’s membrane potential is described by

Cm
dv

dt
+ IL + INa + IK + IT + ISNr!TC + ICX!TC = 0 (2.1)

with a leak current IL = gmax
L [v � EL]. The Na+ current INa = gmax

Na m3
1(v)h[v �

ENa] has an instantaneous activation gating variable m1(v) = 1
1+exp(�(v+37)/7) and

a slow inactivation gating variable h with dh
dt = h1(v)�h

⌧h(v)
and steady-state h1(v) =

1
1+exp((v+41/4)) that is approached with a time constant ⌧h(v) = 1

ah(v)+bh(v)
; ah(v) =

0.128exp(�(v + 46)/18); bh(v) =
4

1+exp(�(v+84)/4) .

The activation variable in K+ current IK = gmax
K [0.75(1 � h)4][v � EK ] is described in

analogy to Na+ inactivation variable (h) which reduces the dimensionality of the model

by one di↵erential equation (Rinzel, 1985).

The T-type Ca2+ channel IT = gmax
T p21(v)r[v � ET ] has an instantaneous activation

p1(v) = 1
1+exp(�(v+60)/6.2) and slow inactivation dr

dt = r1(v)�r
⌧r(v)

with the steady-state

r1(v) = 1
1+exp((v+84)/4) and time constant ⌧r(v) = 28 + 0.3(�(v + 25)/10.5).
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The T-type Ca2+ channel can cause post-inhibitory rebound spikes by the following

mechanism. Prolonged hyperpolarisation leads to de-inactivation of the T-type Ca2+

channel, i.e. the inactivation gate (r) opens while the activation gate (p) closes. After

shutting down the hyperpolarisation, the inactivation gate closes slowly whereas the

activation gate opens very fast. Therefore, while both gates are open, the T-type Ca2+

channel briefly opens leading to membrane depolarisation. Strong enough depolarisation

can lead to Na+ spikes which are referred to as post-inhibitory rebound spikes.

The thalamic model neuron receives two types of synaptic inputs; one inhibitory from

BG output (SNr ! TC) and one excitatory from cortex (CX ! TC). Synaptic

currents (IX) are described by a simple exponential decay with the decay rate �X ,

where X denotes the synapse type (Gerstner and Kistler, 2002). Similar to the intrinsic

ionic currents, each synaptic current is described in terms of membrane potential and

channel conductance (gmax) and reversal potential (vX): IX = gmax
X [v� vX ]

P
j sj ; X =

{SNr ! TC,CX ! TC}. When a presynaptic neuron j spikes at time ti, sj becomes

1 and decays with time constant � afterwards dsj
dt = (1� sj)�(t� ti)��Xsj , where �(t)

is the Dirac delta function. The maximum conductance caused by a single presynaptic

spike (sj = 1) is represented as gmax
X . The net synaptic current is the summation of

all presynaptic events sj multiplied by the di↵erence of the membrane potential and

synaptic reversal potential. Therefore, the reversal potential can change the synaptic

current. The inhibitory reversal potential used in this model (vSNr!TC = �85mV )

with gSNr!TC ⇡ 1.2nS/µm2 can reproduce the inhibitory current (⇠ 100 pA when

membrane potential is held at 0 mV for minimal stimulation intensity) reported in vitro

(Kase et al., 2015). The intrinsic and synaptic parameters of the model neuron are

described in Table 2.1.

Table 2.1: Model parameters: intrinsic, inhibitory synapses (Rubin and Terman,
2004) and excitatory synapses (Ermentrout and Terman, 2010).

gL = 0.05 nS/µm2 EL = �70 mV
gNa = 3 nS/µm2 ENa = 50 mV
gT = 5 nS/µm2 ET = 0 mV
gK = 5 nS/µm2 EK = �90 mV

vSNr!TC = �85 mV �SNr!TC = 0.08 ms�1

vCX!TC = 0 mV �CX!TC = 0.18 ms�1

g: Ionic channel conductance; E: ionic channel reversal potential; v: synaptic reversal
potential; �: decay rate of synaptic current.

2.2.2 Input spike trains

We generated uncorrelated and correlated Poisson spike trains as inputs to the model

neuron. To generate uncorrelated spike trains we simulated N independent Poisson
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processes, each with the firing rate r. To quantify correlation in spike trains, we used

the average pairwise correlation among them, denoted by ✏. However, for N � 3 and a

pairwise correlation of ✏0, di↵erent realisations of spike trains with di↵erent correlations

of order 3 or higher are possible. For a convenient parametrisation of the order of

correlation, we used the distribution of coincident spikes (“amplitude”, A) in a model

of interacting Poisson processes (Staude et al., 2010). For a homogeneous population of

spike trains, the average pairwise correlation depends on the first two moments of the

random amplitude A:

✏ =

E[A2]
E[A] � 1

N � 1
(2.2)

One can consider di↵erent amplitude distributions for Poisson spike trains with a given

rate r and pairwise correlation ✏. In the present study, we specifically used binomial

and exponential amplitude distributions (Fig. 2.1). While the binomial amplitude dis-

tribution has a high probability density around the mean of the distribution (Fig. 2.1A),

the exponential distribution has a higher probability density toward lower amplitudes

(Bujan et al., 2015) (Fig. 2.1B).

To generate spike trains with a binomial amplitude distribution we implemented a mul-

tiple interaction process (Kuhn et al., 2003) (Fig. 2.1A). For correlated outputs (✏ > 0),

the algorithm starts from a Poisson spike train with rate �, the so called “mother” spike

train. We derived neuronal spike trains by randomly and independently copying spikes

of the “mother” spike train with probability ✏, leading to spike trains of rate r = ✏�.

We also generated spike trains using exponentially distributed amplitudes described by:

fA(⇠; ⌧) =
e�⌧⇠

PN
k=1 e

�⌧k
; ⇠ 2 [1, N ] (2.3)

where f(⇠; ⌧) is the probability density for each amplitude ⇠ with the parameter ⌧ .

According to Eq. 2.2, to compute ✏ for this distribution, we needed to compute the

proportion of the second moment to the first moment for this distribution. We used

E[An] =
PN

⇠=1 ⇠
nfA(⇠) to compute the first and second moments of the distribution and

then applied it into Eq. 2.2, rewriting it to

✏ =

PN
⇠=1

⇠2e�⌧⇠

⇠e�⌧⇠ � 1

N � 1
(2.4)

This equation shows that ✏ depends on ⌧ and we took a simple numerical approach to

find ⌧ for each desired ✏. We computed ✏ for a range of ⌧ (from 0 to 5 with steps of

0.001) and then selected the ⌧ that yielded an ✏ closest to our desired ✏ (Fig. 2.1C).
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The maximum error between the ✏ we calculated using Eq. 2.4 and the desired ✏ was

5⇥ 10�4.

The next step was to generate the population spike trains using the probability distri-

bution determined by the ⌧ we already computed. We drew N independent Poisson

spike trains each with rate r⇠ = NrfA(⇠)/⇠; ⇠ 2 [1, N ]. Since ⇠ represents the number

of coincident spikes in a time bin, spike times from independent spike trains should be

copied ⇠ times to get the final population spike train. As the amplitude distribution

described in Eq. 2.3 has a high probability density toward lower amplitudes, high aver-

age pairwise correlations cannot be achieved. For typical parameters of the inhibitory

input spike trains in this study (N = 30, r = 50Hz), the maximum average pairwise

correlation was 0.65 for ⌧ = 0 (Fig. 2.1C). The number of SNr neurons projecting to

the same Mthal neuron is currently not known. However, current estimates based on

optogenetic stimulation of nigral terminals in the ventromedial thalamus in mouse brain

slices suggest that there might be more than 20 di↵erent inputs from SNr (Edgerton

and Jaeger, 2014). In our model, each inhibitory input spike lead to an inhibitory post-

synaptic potential (IPSP) with amplitude 1 mV under gSNr!TC = 1nS/µm2. Since the

hyperpolarisation caused by inhibition cannot go below -85mV due the inhibitory rever-

sal potential, 18 synchronous inhibitory inputs exerted the maximal hyperpolarisation

from the resting potential to -85mV (-85mV - (-67mV) = -18mV corresponding to 18

IPSPs). As a consequence, although we did all simulations throughout this study using

30 inhibitory inputs, similar results would be achieved with fewer inputs, too.

2.2.3 Data analysis

Identifying rebound spikes

The model neuron can spike in response to excitatory input or due to release from

inhibition with post-inhibitory rebound spikes. To distinguish “normal” spikes driven

by excitatory inputs from post-inhibitory rebound spikes, we repeated simulations with

exactly the same input (identical seed for the random number generator), but with a

modified model that is unable to create rebound spikes. Post-inhibitory rebound spikes

are due to the de-inactivation of T-type Ca2+ channels, so without this channel rebound

spikes cannot occur. Therefore, we classified spikes as rebound spikes, if they disappeared

after the removal of T-type Ca2+ channels (i.e. gT = 0 nS/µm2). However, to reduce

potentially confounding e↵ects, we ensured that the overall spiking behaviour remained

similar by increasing the Na+ channel conductance to gNa = 6 nS/µm2.

Due to the randomness of the inhibitory input spike trains, the generation of a rebound

spike was probabilistic. This was in particular prominent in simulations with weak
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Figure 2.1: Generation of correlated Poisson spike trains used as input to the model
neuron. (A, top) Amplitude distribution of the higher-order correlations in spike trains
generated by the multiple interaction process with with ✏ = 0.3 and r = 50 Hz.
Bottom panel shows the raster plot of 30 respective example spike trains. (B, top)
Amplitude distribution of higher-order correlations in spike trains generated by an
exponential amplitude distribution with ✏ = 0.3 and r = 50 Hz, and corresponding
example spike trains (bottom panel). (C) Relation between the parameter ⌧ of an
exponential amplitude distribution and the resulting average pairwise correlation ✏ (red
trace). Black dots represent the average pairwise correlations that we used to generate

input spike trains with exponential amplitude distribution.

inhibition (see e.g. Fig. 2.6A). Therefore, we measured the e↵ect of sensory responses

(Fig. 2.4) and single excitatory spikes (Fig. 2.5) by the change in the probability of

rebound spikes.

In the simulations in which we investigated the e↵ect of ongoing excitation, we observed

that for some parameters rebound and disinhibition modes overlapped. To characterise

this concurrence, we computed the firing rate in a scenario with only inhibitory inputs

to achieve the time interval where rebound spikes occurred. Then we ran the same

simulation again, but this time with only ongoing excitation, and again computed the

firing rate in the same interval. Finally, we ran the simulation in a scenario including

both inhibitory and excitatory inputs, and again computed the firing rate in this interval.

We then subtracted the firing rate of the excitation-only simulation from the firing rate

from the simulation with both inhibitory and excitatory input. The resulting firing

rate di↵erence indicated the contribution of the rebound activity. We compared this

rate di↵erence with the rate we computed in the scenario with only inhibitory inputs to

compute the proportion of trials in rebound mode.
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Transmission quality

For our simulations shown in Fig. 2.2, we needed to quantify the transmission quality for

a variety of inputs strengths and degrees of correlation. For a clear transmission of the

motor signal the thalamocortical neuron would ideally respond only to the movement-

related decrease of activity in SNr neurons with a rebound spike, and be silent otherwise.

Any rebound spike before the movement-related decrease would make the transmission

noisy, in the sense that the decoding of the presence and timing of the motor signal in

thalamic activity would be less accurate. Therefore, we used the number of spikes after

the onset of the movement-related decrease, normalised by the total number of spikes

within -1 s to 0.5 s around the onset of the movement-related decrease as a measure of

the transmission quality.

Software packages

We implemented the model neuron in Simulink, a simulation package in MATLAB

(R2016b) and used a 4th-order Runge-Kutta method to numerically solve the di↵erential

equations (time step = 0.01 ms). We wrote all scripts to generate input spike trains,

handle simulations and analyse and visualise the simulation data in MATLAB. To run

the simulations we used the “NEMO” high-performance computing cluster in the state

of Baden-Wuerttemberg (bwHPC) in Germany.

Data availability

We provided our simulation scripts (in “BasicModelSimulations” directory) including

the scripts generating input spike trains (in “SpikeTrains” directory) accessible via a git

repository https://github.com/mmohaghegh/NigrothalamicTransmission.git

2.3 Results

2.3.1 Uncorrelated activity promotes transmission of motor signals

To determine whether uncorrelated activity in BG output is important for the trans-

mission of motor signals, we simulated a thalamocortical neuron exposed to inhibitory

Poisson input spike trains with varying degrees of correlation (Fig. 2.2). We used bino-

mial and exponential amplitude distributions to generate correlated Poisson spike trains

(see Materials and Methods). In addition, we modulated the input firing rate so that

https://github.com/mmohaghegh/NigrothalamicTransmission.git
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it mimicked the prominent movement-related decrease of BG output neurons observed

in experimental studies (Hikosaka and Wurtz, 1983, Schultz, 1986, Leblois et al., 2007,

Schmidt et al., 2013).

For uncorrelated inputs the model responded to the movement-related decrease with

a single rebound spike (Fig. 2.2A, left panel). However, for correlated inputs rebound

spikes appeared not only after the movement-related decrease, but also at random times

during baseline activity (Fig. 2.2A, middle and right panels). The reason for this was

that correlated SNr activity lead not only to epochs with many synchronous spikes, but

also to pauses in the population activity that were long enough to trigger rebound spikes.

In mammals multiple inhibitory projections from SNr converge on a single thalamocor-

tical neuron (Edgerton and Jaeger, 2014), which a↵ects the strength of the inhibition on

the thalamocortical neuron. Since the degree of convergence is not clear, we repeated our

simulations for di↵erent inhibitory strengths, but found that the transmission quality

did not depend on the inhibitory strength as long as the inhibition was strong enough

to lead to rebound spikes (Fig. 2.2C). Furthermore, as for more than two inputs the

input spike trains cannot be uniquely characterised by pairwise correlations, we consid-

ered two di↵erent possibilities for higher-order correlations (see Materials and Methods).

We found that the transmission quality strongly depended on both the input average

pairwise correlation and higher-order correlations among input spike trains (Fig. 2.2B).

Pairwise correlations a↵ected the transmission only for a binomial amplitude distribu-

tion (Fig. 2.2B, dark blue trace), but not for an exponential amplitude distribution

(Fig. 2.2B, grey trace). For the binomial amplitude distribution higher-order events

(“population bursts”) are common, which increases the probability for pauses in the

population activity. Thereby, even weak correlations among SNr spike trains lead to

a sharp decrease in the transmission quality. In contrast, for spike train correlations

with an exponential amplitude distribution, the decrease in transmission quality was

less pronounced (Fig. 2.2B, grey trace). This was because for the exponential amplitude

distribution lower-order events are more common, which are not su�cient for pauses in

the population activity of SNr neurons leading to thalamic rebound spikes. Therefore,

in particular higher-order correlations may be detrimental for the transmission of motor

commands.

We further investigated whether the sharp decrease in the transmission quality observed

for the binomial amplitude distribution was due the perfect synchrony of correlated spike

times. So we jittered the synchronous events by randomly displacing individual spikes

by up to 5ms (2.2B, light blue trace). We found a similar transmission quality (2.2B,

light blue trace vs. dark blue trace) confirming that the sharp decrease was not due to

the perfect synchrony.



Chapter 2. Transmission of motor signals to the thalamus 22

MIP

EXP
MIP&EXP

(B)

TQ = 0.33(A) TQ = 1 TQ = 0.20

(C)

1 5 10 15 20 25 30
Number of coincident spikes in a 5 ms window (Amplitude)

0
0.01
0.02
0.03
0.04
0.05
0.06
0.09

0.1

Pr
ob

ab
ilit

y

(D)

0

0.4

0.2

0.6

0.3 0.5 0.7 0.9 1

Sp
ik

e 
tra

in
 #

M
em

br
an

e
po

te
nt

ia
l (

m
V)

Average pairwise correlation

MIP-jit

g

Figure 2.2: Input spike correlations impair transmission quality (TQ) of motor signals
from SNr to thalamus. (A) Top panels show the intracellular response of the thalam-
ocortical model neuron to the inhibitory input spike trains from SNr displayed in the
bottom panel. Uncorrelated Poisson spike trains (✏ = 0) lead to clear transmission via
a single rebound spike after the firing rate decrease in the input (left panel). Correlated
Poisson spike trains, however, lead to rebound spikes at random times, whenever there
is a pause in the input spike trains (middle panel: ✏ = 0.35 and right panel: ✏ = 0.7).
(B) TQ drastically decreases for correlated input spike trains generated according to the
multiple interaction process (MIP; dark blue). This holds also for the multiple interac-
tion process whose synchronous spike times are jittered in a 5 ms window (MIP-jit; light
blue). Data shown is an average of 100 trials with GSNr!TC = 0.70 nS/µm2. TQ only
slightly decreases for the spike trains generated by exponential amplitude distributions
(EXP; grey), which is dominated by lower-order instead of higher-order correlations.
Note that the exponential amplitude distribution leads to the maximum average pair-
wise correlation of 0.65 (see Materials and Methods). The black dot marks the TQ for
the spike trains generated using the amplitude distribution shown in (D). For amplitude
distributions with binomial and exponential components of similar proportion (D), TQ
decreases drastically for correlated inputs (MIP&EXP; red). (C) Threshold correlation
at which the transmission quality deteriorates (TQ < 0.95) only weakly depends on the
inhibitory input strength. For the scenarios involving higher-order correlations (blue
and red lines), already weak correlations are su�cient to deteriorate transmission. (D)
The simulation of Parkinson’s disease in a large-scale model of the BG yielded an ampli-
tude distribution of SNr spike times that corresponded to a mixture of the exponential

and binomial amplitude distributions.
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The purpose of our simulation of correlated activity was to mimic BG output patterns

in Parkinson’s disease. However, as the amplitude distribution of pathologically cor-

related activity in SNr is currently unknown, we employed a large-scale model of the

BG (Lindahl and Kotaleski, 2016), in which beta oscillations propagate through cortico-

basal ganglia circuits. Beta oscillations are widely observed in animals with dopamine-

depleted basal ganglia including their output nuclei (Brown et al., 2001, Avila et al.,

2010). While beta oscillations can be generated in the pallido-subthalamic loop (Mirzaei

et al., 2017), here we do not assume a specific mechanism for the generation of corre-

lated activity in Parkinson’s disease, but focussed on the amplitude distribution in SNr

in a simulation of Parkinson’s disease. We found that the amplitude distributions in the

dopamine-depleted state of the large-scale model were somewhere between binomial and

exponential (Fig. 2.2D). Therefore, to investigate the model with a correlation structure

that might be relevant for Parkinson’s disease, we generated input spike trains based

on this distribution (see Materials and Methods). We found that this input led to a

low transmission quality (Fig. 2.2B, black dot). In addition, we investigated the e↵ect

of average pairwise correlation, if the amplitude distribution was a mixture of binomial

and exponential distributions. To achieve this, we changed the pairwise correlation for

the binomial component of the distribution, while keeping the pairwise correlation for

the exponential component unchanged (Fig. 2.2B, red trace). In this mixed distribu-

tion we found that changing only the pairwise correlation of the binomial component

had a similar e↵ect on the transmission quality as in the standard binomial amplitude

distribution (Fig. 2.2B, red and blue traces). This confirms that under a correlation

structure similar to Parkinson’s disease, even weak correlations in BG output can im-

pair the transmission of motor signals, potentially related to motor symptoms such as

tremor or akinesia (Magnin et al., 2000, Edgerton and Jaeger, 2014, Kim et al., 2017).

2.3.2 Uncorrelated activity enhances transmission speed

To study the e↵ect of input correlations on transmission speed, we used the same scenario

as above (Fig. 2.2) and measured the time between the onset of the movement-related

decrease and the rebound spike. We found that for no or weak correlations the trans-

mission speed was fast, but it decreased for stronger correlations (Fig. 2.3A). Therefore,

uncorrelated activity in BG output regions may also promote fast transmission of motor

signals. To generalise our findings on the transmission speed beyond the scenario using

the movement-related decrease, we further examined transmission speed using (rebound)

spike-triggered averages of inputs. Instead of simulating a movement-related decrease,

we exposed the model neuron to inhibitory inputs with a constant firing rate. To com-

pute the spike-triggered average, we used the peak of each rebound spike as the reference
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Figure 2.3: Correlated SNr spike trains decrease transmission speed and temporal pre-
cision of rebound spikes. Systematic investigation of average transmission latency (A)
and its variance (B) for di↵erent degrees of correlation and inhibitory strengths identifies
the range with fastest transmission speed and highest transmission precision, respec-
tively. (C) Left panel shows a sample membrane potential (GSNr!TC = 0.70 nS/µm2,
✏ = 0.7; top) of the thalamocortical model neuron and the corresponding inhibitory
inputs (bottom). Note that rebound spikes are preceded by pauses in the input raster
plot (indicated by black horizontal bars). However, for very short pauses (indicated
by grey horizontal bars) no rebound spikes occur. (C) Averages triggered by rebound
spikes for weakly correlated inputs (middle panel) and strongly correlated inputs (right
panel) confirm that pauses in the inhibitory input precede rebound spikes. The dura-
tion of the pause preceding the rebound spikes indicates the transmission latency. The
inset symbols in (A) indicate the parameters used for the corresponding spike-triggered

averages in (C).

time point to compute the average of the preceding input. Since rebound spikes occurred

more often for stronger input correlations, we performed this analysis on inputs having a

correlation coe�cient of either 0.3 or 1.0. These simulations confirmed that weak input

correlations induce faster transmission than strong correlations (Fig. 2.3C).

2.3.3 Uncorrelated activity enhances transmission precision

For the transmission of motor signals via rebound spikes the trial-to-trial variability

of the transmission may be important. For example, for the coordination of motor
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signals across di↵erent neural pathways a small variability (i.e. high precision) of the

transmission speed might be important. To investigate the nigrothalamic transmission

variability, we computed the variance over the latencies across 100 trials with movement-

related decreases in SNr activity (i.e. the same scenario as in Fig. 2.3A). We found that

for uncorrelated inputs transmission was very precise in the sense that the trial-to-

trial variability of the response latency was small (Fig. 2.3B). In contrast, even weak

correlations led to a high transmission variability due to changes in the amount of

hyperpolarisation caused by correlated inputs preceding rebound spikes. We conclude

that uncorrelated inputs ensure a high precision of the transmission via rebound spikes

by reducing the trial-to-trial variability in response latency.

2.3.4 Sensory responses can promote or suppress rebound spiking

SNr neurons often have short-latency responses to salient sensory stimuli characterised

by brief increases in firing rate (Pan et al., 2013). In rats performing a stop-signal task

these responses also occurred in neurons that decreased their activity during movement

(Schmidt et al., 2013). This included responses to auditory stimuli, which cued the

initiation of a movement (Go cue) or the cancellation of an upcoming movement (Stop

cue). We examined how such brief increases in SNr activity a↵ect rebound spiking in the

thalamocortical model neuron (Fig. 2.4). The thalamocortical model neuron received

inputs similar to the SNr firing patterns recorded in rats during movement initiation

(i.e. uncorrelated inputs with high baseline firing rate and a sudden movement-related

decrease). To model sensory responses in the SNr neurons, we added a brief increase in

firing rate at di↵erent time points relative to the movement-related decrease (Fig. 2.4A).

We generated the brief increase by adding a single spike in each spike train having the

sensory response at the desired time point. This allowed us to observe the e↵ect of the

timing of sensory responses on rebound spiking.

To quantify the e↵ect of sensory responses, we measured the di↵erence in the proba-

bility of generating a rebound spike after the movement-related decrease in simulations

with and without sensory responses. Interestingly, the sensory responses could either

increase or decrease the probability of generating a rebound spike, depending on their

relative timing to the movement-related decrease (Fig. 2.4B, D). For sensory responses

preceding the movement-related decrease for up to 40 ms, the probability of generating

a rebound spike was increased. This was because the sensory response lead to additional

hyperpolarisation in the thalamocortical neuron, which promoted rebound spiking. In

contrast, for sensory responses occurring 10-40 ms after the movement-related decrease,

the probability of generating a rebound spike was decreased. This was because the sen-

sory response in that case partly prevented the movement-related pause of SNr firing.



Chapter 2. Transmission of motor signals to the thalamus 26

(A) (C)

(B)
gSNr= 0.25 nS/ m2

gSNr= 0.35 nS/ m2

0.4 0.6 0.8

(D)

N
um

be
r o

f i
np

ut
 s

pi
ke

 tr
ai

ns
 w

ith
 s

en
so

ry
 re

sp
on

se
s

g

Figure 2.4: Sensory responses simulated as phasic increases in SNr firing rate change
the probability of rebound spikes in the thalamocortical model neuron. (A) Average
firing rate of example inputs used for simulation experiments. Black solid line shows
the inputs average firing rate without sensory responses. Coloured solid lines shows
the average firing rate with sensory responses in blue when the increase appears after
the decrease and in red when the increase appears before the decrease. (B) Changes in
the probability of a rebound spike for two di↵erent inhibitory input strengths. For the
simulation scenario with the inhibitory input strength shown in red, the large probabil-
ity change indicates that the sensory responses not only facilitated rebound spikes, but
they were actually required for their generation. In contrast, for the simulation sce-
nario shown in blue, precisely timed sensory responses almost completely suppressed
rebound spikes. (C) Average changes in the probability of rebound spike generation
against di↵erent inhibitory input strengths. The average is computed over all inputs
with sensory responses in a specific time interval (for facilitation from -30 ms to 0 ms
and for suppression from 10 ms to 30 ms). (D) Systematic investigation of the e↵ect
of sensory responses in a parameter regime, in which the suppression and facilitation
of rebound spikes was possible (GSNr!TC = 0.30 nS/µm2). Note the large impact of
the timing of the sensory response, even if it occurs only in a small subset of neurons,

on the probability of rebound spikes.
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Together, this points to the intriguing possibility that sensory responses in SNr can have

opposite e↵ects on behaviour (either promoting or suppressing movement), depending

on their timing (Fig. 2.4D). This could explain why SNr neurons respond to both Go

and Stop cues with a similar increase in firing rate (Schmidt et al., 2013, Mallet et al.,

2016), a previously puzzling finding (see Discussion).

In addition to the timing of sensory responses relative to the movement-related decrease,

also the inhibitory input strength modulated the probability of generating a rebound

spike (Fig. 2.4). For weaker inhibitory inputs (GSNr!TC = 0.25nS/µm2), the prob-

ability of generating a rebound spike was increased because the additional inhibitory

inputs contributed to the hyperpolarisation of the thalamocortical neuron. However,

for slightly stronger inputs (GSNr!TC � 0.35nS/µm2), the sensory responses could not

further facilitate rebound spiking because the probability of generating a rebound spike

was already one. Accordingly, sensory responses were most e↵ective in reducing the

probability of generating a rebound spike for medium input strengths (i.e. with a rela-

tively high probability of generating a rebound spike). We found that the most e↵ective

strength for suppressing rebound spikes was at GSNr!TC = 0.35nS/µm2. However,

the suppressing e↵ect vanished for GSNr!TC � 0.8nS/µm2 because for this strength

the sensory responses themselves caused a hyperpolarisation strong enough to trigger a

rebound spike (Fig. 2.4C). Therefore, the e↵ect of sensory responses in SNr on motor

signals strongly depended on the nigrothalamic connection strength.

2.3.5 Rebound spikes in the presence of excitation

Having studied basic properties of rebound spiking in the model under somewhat ide-

alised conditions, we next extended the model to account for further conditions relevant

in vivo. For example, when studying the response of the thalamocortical neuron to

inhibitory SNr inputs, we have assumed so far that the movement-related decrease is

present in all inputs. However, this is not the case, and the amplitude of the decrease

varies across neurons (Schmidt et al., 2013). Therefore, we investigated the response

of the thalamocortical model neuron in a scenario in which only a fraction of SNr in-

puts decreases their firing rates, while the remaining neurons do not change their rates

(Fig. 2.5). We found that the thalamocortical model neuron elicits a rebound spike with

high probability only when a large fraction of input neurons decrease their firing rates

to zero (Fig. 2.5A).

The large fraction of SNr neurons required to exhibit a movement-related decrease in

order to elicit a rebound spike downstream constrains the scenario under which this
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Figure 2.5: E↵ect of precisely timed excitatory input spikes on rebound spiking. (A)
The generation of rebound spikes requires that a large fraction of the inhibitory input
spike trains exhibit a movement-related decrease in firing rate, largely independent of
their input strength. (B) Adding a single excitatory spike as input to the thalamo-
cortical model neuron strongly increases the probability of rebound spike generation
compared to pure inhibitory inputs (letter “B” in panel A). Note that this occurs in a
regime, in which usually no rebound spike can be generated because not enough (here
22 out of 30) neurons decrease their firing rate. (C) In a regime, in which usually re-
bound spikes are generated (letter “C” in panel A), adding a single excitatory spike as
input to the thalamocortical neuron decreases the probability of rebound spike genera-
tion compared to pure inhibitory inputs. (D) Systematic investigation of the parameter
space indicates a narrow regime, in which a single excitatory spike can decrease, and
a larger regime, in which it can increase the probability of a rebound spike. Here, the

probability changes are averaged over excitatory input strengths.

transmission is plausible in vivo. However, in a more realistic scenario the thalamocor-

tical neuron also receives excitatory inputs (e.g. from cortex). Therefore, we examined

whether excitatory input can, under some conditions, enhance the transmission via re-

bound spiking (Fig. 2.5B-D). Importantly, the excitatory inputs should be weak enough

in order not to elicit spikes themselves. We simulated the model neuron by adding a

single excitatory input spike with variable timing with respect to the movement-related

decrease in the inhibitory inputs, and observed whether it promoted or suppressed re-

bound spikes. We investigated the e↵ect of the excitatory spike on the probability
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of generating a rebound spike by comparing a simulation including excitatory and in-

hibitory inputs with a simulation that included only inhibitory inputs. We found that

for parameter regions in which the probability of generating a rebound spike was usually

small (i.e. in the dark blue region in Fig. 2.5A), additional excitatory spikes after the

movement-related decrease increased the rebound probability (Fig. 2.5B). We confirmed

that these spikes in the thalamocortical neuron are actually rebound spikes (and not

just driven by the excitatory input; see Materials and Methods). However, for strong

excitation the thalamocortical model neuron spiked even before the movement-related

decrease, indicating that these spikes were no longer rebound spikes.

For parameter regions in which the probability of generating a rebound spike was high

(i.e. outside the dark blue region in Fig. 2.5A), the excitatory input spikes could also sup-

press the generation of rebound spikes when they occurred before the movement-related

decrease (Fig. 2.5C). In contrast, when the excitatory input spike occurred after the

movement-related decrease, it enhanced the probability of generating a rebound spike.

Therefore, similar to the complex e↵ect of sensory responses in SNr neurons described

above, also the excitatory input to the thalamocortical neurons could either promote

or prevent rebound spikes depending on its timing. Furthermore, if only a fraction of

SNr neurons exhibited a movement-related decrease, precisely timed excitatory input

could promote the transmission of the motor command to the thalamocortical neuron

(Fig. 2.5D). Overall, our simulations indicate that rebound spikes can occur in a broad

parameter regime that also includes excitation. Furthermore, precisely timed excitation

provides an additional rich repertoire of rebound spike modulation, either promoting or

suppressing movement-related rebound spikes.

2.3.6 Transmission modes revisited: prevalence of rebound spiking

The interaction of excitation and inhibition in thalamocortical neurons is important

because even weak excitation may change the transmission mode from rebound to dis-

inhibition (Goldberg et al., 2013). As we observed rebound spiking in the presence of

single excitatory spikes (Fig. 2.5), we further investigated how ongoing excitation a↵ects

the mode of nigrothalamic transmission. As before, we simulated the model neuron with

movement-related inhibitory inputs, but added a background excitation in the form of

a Poisson spike train with the firing rate of 100 Hz and examined the e↵ect of changing

excitatory strength (Fig. 2.6). In the rebound and disinhibition transmission modes, in

an ideal scenario, the model neuron fires spikes exclusively after the movement-related

decrease in the firing rate of inhibitory inputs. These spikes are either generated via

post-inhibitory rebound spikes in the rebound mode, or via depolarisation through ex-

citation in the disinhibition mode. However, we found that rebound and disinhibition
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Figure 2.6: Smooth transition of parameter regimes for rebound and disinhibition
transmission modes. (A) The probability of generating a rebound spike (colour-coded)
as a function of the strength of the inhibitory and excitatory inputs innervating the
thalamocortical neuron indicates the transmission mode. High rebound probability
(red) indicates the rebound transmission mode; low rebound probability (blue) indicates
the disinhibition transmission mode. Note the gradual transition between transmission
modes as a function of the excitatory input strength. The white isolines show the
baseline firing rate of the model neuron (i.e. the firing rate before the onset of the
movement-related decrease in the input). In the grey region the model neuron does
not fire at all. (B-F) Sample firing rate profiles and corresponding raster plots show
the activity of the thalamocortical neuron di↵erent regions of the transmission map
(as indicated by the corresponding letters in A). In the disinhibition mode the neuron
fires spontaneously after the decrease in SNr firing rate (F). In the transition regime,
rebound and disinhibition modes can coexist (D), and neurons can be spontaneously in

the regime with rebound spikes (E).
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modes can coexist in regimes in which the model neuron has non-zero baseline firing

rates (Fig. 2.6A).

We characterised the nigrothalamic transmission mode (see Materials and Methods) ac-

cording to the proportion of trials with rebound spikes for a range of inhibitory and ex-

citatory inputs strengths (Fig. 2.6A). Motor signals were transmitted via rebound spikes

even in the presence of weak excitatory inputs (GCX!TC  1.5 nS/µm2; Fig. 2.6A). In-

terestingly, the transition from rebound to disinhibition mode was not abrupt, but there

was a region where disinhibition and rebound spikes coexisted (Fig. 2.6D). In these

overlapping regions rebound spiking seemed to be the dominant firing pattern with a

strong, transient firing rate increase in response to the movement-related decrease, a

phenomenon which was already observed in anesthetised songbirds (Kojima and Doupe,

2009)(Fig. 2.6D; see also Discussion). We also examined the e↵ects of varying the firing

rate of the excitatory inputs (200, 500, and 1000 Hz). While the rebound and disin-

hibition spiking mode still overlapped, the corresponding parameter region was shifted

towards lower excitatory conductances. For moderate excitatory input firing rates (100

and 200 Hz), rebound spiking occurred also in regions in which the model neuron was

spontaneously active (Fig. 2.6E). This overlap happened for spontaneous activities up

to 3 Hz in line with the average spontaneous firing of Mthal neurons in rats during open-

field behaviour (Bosch-Bouju et al., 2014). However, for higher spontaneous activities

(>7 Hz) rebound spiking vanished. We conclude that the model neuron can transmit

motor signals in the rebound mode despite excitatory inputs.

In summary, our computational model suggests new functional roles for uncorrelated

BG output in the clear transmission of motor signals. In addition, the motor signals

transmitted via rebound spikes could either be suppressed or promoted through sensory

responses indicating that thalamocortical neurons may be a key site for the integration

of sensory and motor signals. Finally, excitatory inputs to the thalamocortical neurons

do not necessarily prevent rebound spiking, but may as well support the generation of

rebound spikes.

2.4 Discussion

We used computational modelling to study the impact of spike train correlations in the

basal ganglia output on the transmission of motor signals. Based on previous studies

(Hikosaka and Wurtz, 1983, Schultz, 1986, Leblois et al., 2007, Schmidt et al., 2013),

we focused our description on movement-related pauses in SNr that potentially drive

rebound spikes in Mthal. However, as e.g. also neurons in the superior colliculus can

respond with a rebound spike after prolonged hyperpolarisation (Saito and Isa, 1999),
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our modelling results might apply more generally. Furthermore, while previous stud-

ies identified the important role of excitation in determining regimes in which rebound

spikes can occur (Goldberg et al., 2013, Edgerton and Jaeger, 2014), our model pro-

duced rebound spikes in a wider parameter regime, also in the presence of excitation

(Fig. 2.6). In addition, rebound spiking overlapped with the disinhibition transmission

mode, indicating that rebound spiking might apply more widely for nigrothalamic com-

munication in line with recent experimental evidence Kim et al. [2017]. In our model,

the impaired nigrothalamic transmission of motor signals for correlated inputs also in-

dicates a potential functional role of active decorrelation in BG output regions (Wilson,

2013).

2.4.1 Functional role of active decorrelation in the basal ganglia

One prominent feature of neural activity in the healthy BG is the absence of spike

correlations (Bar-Gad et al., 2003). This might be due to the autonomous pacemaking

activity of neurons in globus pallidus externa/interna (GPe/GPi), subthalamic nucleus

(STN) and SNr, as well as other properties of the network such as heterogeneity of

firing rates and connectivity that actively counteracts the synchronisation of activity

(Wilson, 2013). While uncorrelated BG activity may maximise information transmission

(Wilson, 2015), our simulations demonstrate that it further prevents the occurrence of

random pauses in SNr/GPi activity that could drive thalamic rebound spikes. Thereby,

uncorrelated BG output activity may ensure that rebound spikes in Mthal neurons occur

only upon appropriate signals such as movement-related decreases in BG output firing

rate. In contrast, correlated BG output activity leads to rebound activity in Mthal even

at baseline SNr activity, i.e. also in absence of any motor signal. This increase in the

signal-to-noise ratio of motor signals may cause problems in motor control.

Evidence for the functional relevance of uncorrelated BG activity originates from the

prominent observation that BG activity becomes correlated e.g. in Parkinson’s disease

(Bergman et al., 1998, Nevado-Holgado et al., 2014). Therefore, our simulations with

correlated BG output activity capture a key aspect of neural activity in Parkinson’s dis-

ease. Interestingly, our finding that BG correlations increase the rate of Mthal rebound

spikes is in line with recent experimental findings. In dopamine-depleted mice with

Parkinson-like motor symptoms, the rate of Mthal rebound spikes was also increased

compared to healthy controls (Kim et al., 2017). Furthermore, an increased trial-to-

trial variability of rebound spikes was found in dopamine-depleted mice, similar to our

simulations (Fig. 2.3).
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Therefore, our results support a functional role for active decorrelation in the clear

transmission of motor signals with low trial-to-trial variability from the BG to Mthal.

Pathological correlations lead to unreliable or noisy transmission of motor signals with

high trial-to-trial variability, which may contribute to motor symptoms in Parkinson’s

disease.

2.4.2 Role of rebound spikes for motor output

In our simulations we only examined the activity of a single thalamocortical neuron.

However, for motor signals propagating further downstream, the coordination of activ-

ity among di↵erent thalamocortical neurons might be relevant. Due to the low trial-to-

trial variability of the response latency and the high probability of generating a rebound

spike in the model, pauses in population SNr activity would lead to synchronous rebound

spikes in di↵erent thalamocortical neurons. In contrast, the excitation-driven Poisson-

like cortical inputs would not lead to synchronous activity across di↵erent thalamocor-

tical neurons. Even though downstream regions cannot directly distinguish thalamic

rebound spikes from excitation-driven spikes, they might read out synchronous activity

that only occurs for rebound spikes. Thereby, only coordinated activity in di↵erent tha-

lamocortical neurons may lead to movement initiation (Gaidica et al., 2018) or muscle

contraction (Kim et al., 2017). Similarly, in mice optical stimulation of neurons in a BG

output region induces di↵erent muscular responses from a single twitch to tremor-like

activity and continuous contraction with increasing stimulation frequency via rebound

spikes (Kim et al., 2017). Therefore, rebound activity in an individual Mthal neuron

may not lead to muscle contraction, but instead coordinated rebound activity in several

Mthal neurons may be required.

2.4.3 Impact of sensory responses on the transmission of motor signals

SNr neurons that decrease their activity during movement also respond to salient sen-

sory stimuli such as auditory “Go” stimuli cueing movement (Pan et al., 2013, Schmidt

et al., 2013). One proposed functional role for this brief firing rate increase is to pre-

vent impulsive or premature responses during movement preparation in SNr neurons

(Schmidt et al., 2013). In addition, in our model we observed that, depending on the

precise timing, sensory responses may also promote thalamocortical rebound spikes and

movement. This e↵ect was present when the sensory responses preceded the movement-

related decrease by up to 40 ms (Fig. 2.4).

In rats performing a stop-signal task the same SNr neurons responded to the “Go”

stimulus also responded to an auditory “Stop” signal, which prompted the cancellation
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of the upcoming movement (Schmidt et al., 2013). These responses were observed in

trials, in which the rats correctly cancelled the movement, but not in trials where they

failed to cancel the movement. These SNr responses to the “Stop” signal may delay

movement initiation allowing another slower process to completely cancel the planned

movement (Mallet et al., 2016). In line with this “pause-then-cancel” model of stopping

(Schmidt and Berke, 2017), we observed that the SNr sensory responses can also prevent

rebound spikes when they occur close to the time of the motor signal. In our model this

suppression e↵ect was present up to 40 ms after the onset of the movement-related

decrease in SNr activity (Fig. 2.4). Thereby, our model provides a prediction for the

temporal window of the functional contribution of sensory responses in SNr to behaviour.

Importantly, sensory responses can either promote or suppress movements, depending on

their relative timing to the motor signal, providing a highly flexible means to integrate

sensory and motor signals in nigrothalamic circuits.

2.4.4 E↵ects of deep brain stimulation

Our model points to the role of correlated BG activity in increasing rebound spikes in

thalamocortical neurons. In particular, higher-order correlations lead to pauses in the

SNr population activity promoting rebound spikes, while pairwise correlations alone did

not a↵ect the nigrothalamic transmission of motor signals (Fig. 2.2B). This suggests that

in Parkinson’s disease higher-order correlations are relevant for motor symptoms, which

o↵ers some insight into the potential mechanisms by which deep-brain stimulation (DBS)

might alleviate some of the motor symptoms such as rigidity and tremor. DBS in the

STN and GPi has complex and diverse e↵ects on the firing rate of neurons in SNr/GPi

(Bar-Gad et al., 2004, Zimnik et al., 2015) and thalamus (Muralidharan et al., 2017).

According to our model strong increases in SNr and GPi firing rates observed after STN

DBS (Hashimoto et al., 2003, Maurice et al., 2003), would decrease the duration of the

spontaneous pauses in the population activity (Fig. 2.3C). Thereby, even for correlated

SNr activity, the duration of the pauses would not be long enough to allow the generation

of a rebound spike in the thalamocortical neuron.

2.4.5 Integration of decision making systems

In our model the generation of a rebound spike in thalamocortical neurons was strongly

a↵ected by single excitatory cortical input spikes (Fig. 2.5). This means that the trans-

mission of a BG motor signal could be prevented by a single, precisely-timed cortical

spike preceding the SNr movement-related decrease by up to 20 ms (Fig. 2.5C). This

indicates a powerful mechanism by which cortex could a↵ect BG motor output signals.
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It has previously been argued that di↵erent decision making systems, incorporating dif-

ferent strategies, might co-exist in the brain (Redgrave et al., 1999, Daw et al., 2005)

and that the thalamus might be a key site for their integration (Haber and Calzavara,

2009). Our model o↵ers a potential mechanism by which conflicts between di↵erent

decision-making systems could be resolved. In this case the precisely-timed cortical

excitation would allow the cancellation of a BG motor signal. Furthermore, it is possi-

ble that thalamocortical neurons integrate habitual and goal-directed decision systems

(Daw et al., 2005, Redgrave et al., 2010), and that cancellation of BG motor signals

serves as a means to prevent conflicting responses. Finally, the same mechanism for

cancelling BG motor signals could also be used to exert cognitive control to overcome

a habitual response. While this remains somewhat speculative at this point, our model

provides a clear description of the inhibitory and excitatory inputs that would enable

the modulation of a BG motor signal in thalamocortical neurons.
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Chapter 3

Stop responses in subthalamic

nucleus and globus pallidus

externa cancels movement

initiation

3.1 Introduction

We often face situations where we should stop doing an action because the action is not

relevant any more. For instance, when we are waiting at a stop light and it becomes

green, we prepare ourselves to press the gas pedal. Meanwhile, a pedestrian runs sud-

denly in front of us to pass the street. At this time, we should stop what we have been

planning moments ago. This function of our brain is called “behavioural inhibition”. It

is an important cognitive process because its failure leads to impulsive behaviours such

as attention deficit hyperactivity disorder (Robbins et al., 2012).

Behavioural inhibition is often assessed using a stop-signal task (Lappin and Eriksen,

1966). In the initial component of this task, subjects are required to initiate a movement

(such as go left or right) upon the presentation of Go cue. When there is no further

instruction, the subjects will initiate a movement with some delay (i.e. reaction time).

In the second component that evaluates the ability to inhibit behaviour, in a subset of

Go trials, shortly after the presentation of Go cue, a salient Stop cue will be presented

to the subjects instructing termination of a planned action.

The basal ganglia are among the brain circuits involved in behavioural inhibition (Aron

et al., 2003, Jahanshahi et al., 2015). Subthalamic nucleus (STN) is one of the basal

37
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ganglia nuclei central to behavioural inhibition. Ablation of STN in rats caused prema-

ture movements (Baunez et al., 1995) and failure to suppress movements in stop-signal

task (Eagle et al., 2007). Moreover, extracellular recording from the basal ganglia dur-

ing stop-signal task showed low-latency short STN responses (⇡ 20 ms) to Stop-signal

(Schmidt et al., 2013).

More recently, electrophysiological recording of rats’ basal ganglia doing stop-signal task

have shown that a subpopulation of neurons in GPe of the basal ganglia is also involved in

movement suppression (Mallet et al., 2016). These so-called arkypallidal neurons (GPe

Arky) has longer Stop response (⇡ 40 ms) with higher latency (⇡ 50 ms after Stop

response in STN) compared to STN. This high latency Stop response and the fact that

Stop response in GPe Arky only appears in successful Stop trials suggest that GPe Arky

Stop response is not driven via STN excitatory projection. These lines of evidence led

to the proposal of “Pause-then-Cancel” model of stopping in the basal ganglia (Schmidt

and Berke, 2017).

In this model, fast reactive Stop response in STN per se may not suppress initiation

of movement via increasing SNr activity, but rather can delay the movement initiation

(Schmidt et al., 2013). This delay lets the slower activity increase in GPe Arky fully

suppress the movement initiation via its inhibitory projections to STR (Mallet et al.,

2016). This proposal is partially investigated in a network model of cortico-basal ganglia-

thalamocortical loop by focusing on the underlying circuit mechanisms involved in the

suppression of action (Wei and Wang, 2016). This study assumed a persistent Stop-

related activity in STN suppressing movement initiation via projections to GPe Arky in

a single step (in contrast to “Pause-then-Cancel” model). However, the Stop response

in GPe Arky seems an independent process and therefore not related to Stop response

in STN. In addition, the time course of Stop-related activities in STN and GPe Arky

are rather short (⇡ 20 ms and 40 ms, respectively). These short latency responses,

especially in STN, may only delay initiation of movement.

In this study, we tested the “Pause-then-Cancel” model of stopping in the basal ganglia

using a spiking network model by taking into account independent Stop responses in

STN and GPe Arky. I found that Stop response only in STN could delay movement

initiation. In addition, Stop response in STN and GPe Arky could suppress movement

initiation.
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3.2 Methods

3.2.1 Spiking network model of the basal ganglia

In this study, we used a previously developed spiking network model of the basal gan-

glia, which involves the striatum (STR), subthalamic nucleus (STN), the external part

of globus pallidus (GPe) and reticular part of substantia nigra (SNr) (Lindahl and Ko-

taleski, 2016). There were two types of medium spiny neurons (MSNs) in STR according

to their dopamine receptor subtypes, D1 and D2. The mathematical description of these

neurons is in the form of Izhikevich neuron models described in Eq. 3.1, where V is the

membrane potential and u is the recovery current. In addition to MSNs, there were fast-

spiking interneurons (FSIs) which are also modelled in the form of Izhikevich neuron

models. The model parameters for (D1 & D2) MSNs and FSIs are described in Tables

3.1 and 3.2, respectively.

C
dV

dt
= k(V � vr)(V � vth)� u+ I

du

dt
= a(b(V � vr)� u)

if V > vpeak then v = c and u = u+ d

(3.1)

The rest of neuron types in other populations are described using adaptive exponential

integrate-and-fire neuron model (Eq. 3.2), where again V is the membrane potential and

w is the recovery current. Amongst these populations, GPe has two di↵erent neuron

types based on their temporal activity pattern and their targets (Mallet et al., 2012).

On one hand, “Prototypical” neurons (GPe Proto) are the classical subtype of neurons

in the indirect pathway receiving inputs from STR and STN and projecting to SNr. On

the other hand, “Arkypallidal” neurons (GPe Arky) are the recently discovered neuron

type in GPe that widely project back to STR.

C
dV

dt
= �gL(V � EL) + gL�T exp(

V � VT

�T
� w + I)

⌧w
dw

dt
= a(V � EL)� w

if V > tf then V = Vr and w = w + b

(3.2)

The model parameters GPe Arky and GPe Proto, STN and SNr, are mentioned in Tables

3.3, 3.4 and 3.5, respectively.

For each basal ganglia nucleus, we considered a population of neurons. For STR and

GPe, each population contained multiple neuron types. In STR, spatial connectivity
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Table 3.1: Model parameters: MSN intrinsic parameters (Lindahl and Kotaleski,
2016).

Parameter Description
a = 0.01 s Recovery current (“u”) time constant
b = �20 Determining the behaviour of “u” (amplifying or resonating)

c = �60 mV After-spike reset voltage
C = 15.2 pF Membrane Capacitance
dD1 = 66.9 pA The net currents activated

during spiking in neurons with D1 receptor
dD2 = 91 pA The net currents activated

during spiking in neurons with D2 receptor
k = 1 Steady-state voltage dependence

vpeak = 40 mV Spike cut-o↵
vD1
r = �78.2 mV Resting potential in neurons with D1 receptor
vD2
r = �80 mV Resting potential in neurons with D2 receptor

vth = �29.7 mV Instantaneous threshold potential

Table 3.2: Model parameters: FSI intrinsic parameters (Lindahl and Kotaleski, 2016).

Parameter Description
a = 0.2 s Recovery current (“u”) time constant
b = 0.025 Determining the behaviour of “u” (amplifying or resonating)

c = �60 mV After-spike reset voltage
C = 80 pF Membrane Capacitance
d = 0 pA The net currents activated during spiking
k = 1 Steady-state voltage dependence

vpeak = 25 mV Spike cut-o↵
vr = �64.4 mV Resting potential
vth = �50 mV Instantaneous threshold potential

was considered while in GPe, neurons were randomly connected with a specific in-degree

(Table 3.7). Synaptic currents were conductance based formulated as I = g(V � Erev)

where g is the synaptic conductance and Erev is the synaptic reversal potential. The

synaptic conductance depends on synaptic events produced by presynaptic neurons and

decays exponentially over time. To capture the Magnesium block e↵ect of the NMDA

synapses, corresponding currents were multiplied by B(V ) = 1

1+ [Mg2+]
3.57 exp(�0.062V )

.

To connect neurons in the networks, we used two di↵erent synapse models. The first

one was an exponential decay static synapse formulated in Eq. 3.3. The second one was

the firing rate-dependent Tsodyks synapse (Eq. 3.4). Tsodyks synapses model short-

term depression and facilitation. The biological relevance of short-term depression is the

depletion of vesicles in presynaptic terminals after repetitive releases caused by e.g. high

firing rate of the presynaptic neuron (variable x in Eq. 3.4). The facilitation occurs due

to the release probability enhancement in the presynaptic site (variable u in Eq. 3.4).
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Table 3.3: Model parameters: GPe intrinsic parameters (Lindahl and Kotaleski,
2016).

Parameter Description
a = 2.5 nS Subthreshold adaptation

bProto = 70 pA Spike-triggered adaptation
bArky = 105 pA
CProto = 40 pF Membrane capacitance
CArky = 60 pF
�Proto

T = 1.7 ms Slope factor of spike stroke

�Arky
T = 2.55 ms

EL = �55.1 mV Leak reversal potential
gL = 1 nS Membrane Capacitance

IProto
e = 12 pA External current to maintain spontaneous activity in vitro

IArky
e = 1 pA
⌧w = 20 ms Adaptation time constant
tf = 15 mV Spike cut-o↵
Vr = �60 mV Spike reset
VT = �54.7 mV Threshold potential

Table 3.4: Model parameters: STN intrinsic parameters (Lindahl and Kotaleski,
2016).

Parameter Description
a = 0.3 nS Subthreshold adaptation
b = 0.05 pA Spike-triggered adaptation
C = 60 pF Membrane Capacitance

�T = 16.2 ms Slope factor of spike stroke
EL = �80.2 mV Leak reversal potential

gL = 10 nS Membrane Capacitance
Ie = 5 pA External current to maintain spontaneous activity in vitro
⌧w = 20 ms Adaptation time constant
tf = 15 mV Spike cut-o↵
Vr = �70 mV Spike reset
VT = �64 mV Threshold potential

The net e↵ect of this synapse is represented in the variable y, whose multiplication with

g0 yields the e↵ective synaptic weight (Tsodyks et al., 2000).

dg

dt
= � g

⌧syn
+ g0�(t� tspike) (3.3)
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Table 3.5: Model parameters: SNr intrinsic parameters (Lindahl and Kotaleski, 2016).

Parameter Description
a = 3 nS Subthreshold adaptation
b = 200 pA Spike-triggered adaptation
C = 80 pF Membrane Capacitance
�T = 1.8 ms Slope factor of spike stroke

EL = �55.8 mV Leak reversal potential
gL = 3 nS Membrane Capacitance
Ie = 15 pA External current to maintain spontaneous activity in vitro
⌧w = 20 ms Adaptation time constant
tf = 20 mV Spike cut-o↵
Vr = �65 mV Spike reset
VT = �55.2 mV Threshold potential

du

dt
= � u

⌧fac
+ U(1� u)�(t� tspike)

dx

dt
=

z

⌧fac
� ux�(t� tspike)

dy

dt
= � y

⌧syn
+ ux�(t� tspike)

dz

dt
=

y

⌧syn
� z

⌧rec

(3.4)

Since our model considered the population of neurons for each basal ganglia nucleus,

we mentioned network parameters for each neuron population in Tables 3.6-3.8. These

network parameters involve synaptic parameters and specifications of external stim-

uli. In our model, only neurons within STR and GPe were recurrently connected and

consequently, the network parameters for these two populations also included the con-

nectivity rules (Tables 3.6 and 3.7). The network parameters for connections between

basal ganglia nuclei including connectivity rules, synaptic parameters and external stim-

uli are mentioned in Table 3.9. The parameters of projections undergoing facilitation or

depression (using Tsodyks synapses) are mentioned in Table 3.10.

3.2.2 Changing Tsodyks synapses to static synapses

In our study, we needed to run simulations in sessions with di↵erent stimulation pa-

rameters, each session containing 100 trials. Since our model had slow performance in

building connections in the network, we minimised the number of calls to the related

routine while simulating the model. To achieve this goal, we ran simulations in sessions

with di↵erent stimulation parameters each session containing multiple trials. For each

trial, we simulated the network for 5s, including 4s for the vanishing of the transient
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Table 3.6: Model parameters: Network parameters for STR (Lindahl and Kotaleski,
2016).

Parameter Description
NMSND1 = 4746 Number of neurons
NMSND2 = 4746
NFSI = 200
⌫MSND1 = 546Hz External inputs firing rate
⌫MSND2 = 722Hz
⌫FSI = 787Hz
CFMSND1!MSND1 = 364 Number of fan-in presynaptic connections
CFMSND1!MSND2 = 84 on each postsynaptic neuron
CFMSND2!MSND1 = 392
CFMSND2!MSND2 = 504
CFFSI!MSND1 = 16
CFFSI!MSND2 = 11
CFFSI!FSI = 10
CFMSND1!MSND1 = 364
⌧ ext!MSND1&D2
ampa = 12ms Decay time constant

⌧ ext!MSND1&D2
nmda = 160ms for the synapses of the external inputs
⌧ ext!FSI
ampa = 12ms
gext!MSND1&D2
ampa = 0.5nS Excitatory conductance for external inputs

gext!MSND1&D2
nmda = 0.5nS
gext!FSI
ampa = 0.5nS
Eext!MSND1&D2 = 0mV Excitatory reversal potential for external inputs
Eext!FSI = 0mV
dext!MSND1&D2 = 2.5ms Synaptic delay for external inputs
dext!FSI = 2.5ms
⌧MSN!MSN
gaba = 8ms Decay time constant for the collateral synapses
⌧FSI!MSN
gaba = 11ms
⌧FSI!FSI
gaba = 6ms

gMSND1!MSND1
gaba = 0.15nS Excitatory conductance for external inputs

gMSND1!MSND2
gaba = 0.375nS

gMSND2!MSND1
gaba = 0.45nS

gMSND2!MSND2
gaba = 0.35nS

EMSN!MSN
gaba = �74mV Excitatory reversal potential for external inputs

EFSI!MSN
gaba = �74mV

EFSI!FSI
gaba = �74mV

dMSN!MSN
gaba = 1.7ms Synaptic delay for external inputs

dFSI!MSN
gaba = 1.7ms

dFSI!FSI
gaba = 1.7ms

dynamics and 1s for the simulation of stop-signal task. After simulation of the first

trial, we re-initialized the network state and did the same stimulation paradigm for the

next trial. According to the simulator protocols (NEural Simulation Tool, v 2.12.0,

Kunkel et al. [2017]), we could only reinitialize the network state excluding the dynamic



Chapter 3. Movement cancellation in the basal ganglia 44

Table 3.7: Model parameters: Network parameters for GPe (Lindahl and Kotaleski,
2016).

Parameter Description
NGPeProto = 124 Number of neurons
NGPeArky = 41
⌫GPeProto = 1530Hz External inputs firing rate
⌫GPeArky = 200Hz
CFMSND1!MSND1 = 364 Number of fan-in presynaptic connections
CFGPeProto!GPeProto = 25 on each postsynaptic neuron
CFGPeProto!GPeArky = 25
CFGPeArky!GPeProto = 5
CFGPeArky!GPeArky = 5
⌧ ext!GPe
ampa = 5ms Decay time constant

for the synapses of the external inputs
gext!GPe
ampa = 0.5nS Excitatory conductance for external inputs
Eext!GPe = 0mV Excitatory reversal potential for external inputs
dext!GPe = 5ms Synaptic delay for external inputs
⌧GPe!GPe
gaba = 1ms Decay time constant for the collateral synapses

gGPe!GPeProto
gaba = 1.33nS Synaptic conductances

g
GPe!GPeArky

gaba = 0.33nS

EGPe!GPe
gaba = �65mV Synaptic reversal potentials

dGPe!GPe
gaba = 1ms Synaptic delays

Table 3.8: Model parameters: Network parameters for STN and SNr (Lindahl and
Kotaleski, 2016).

Parameter Description
NSTN = 49 Number of neurons
NSNr = 94
⌫ext!STN = 250Hz External inputs firing rate
⌫ext!SNr = 1800Hz
⌧ ext!STN
ampa = 4ms Decay time constant of the synapses
⌧ ext!STN
nmda = 160ms
⌧ ext!SNr
ampa = 5ms
gext!STN
ampa = 0.25nS Synaptic conductances
gext!STN
nmda = 0.00625nS
gext!SNr
ampa = 0.5nS
Eext!STN = 0mV Synaptic reversal potentials
Eext!SNr = 0mV
dext!STN = 2.5ms Synaptic delays
dext!SNr = 5ms

synapses. Therefore, we changed the synapse type from Tsodyks to static.

To achieve this, we ran the model in the baseline (i.e. without stimulation) for 10 s and

recorded from the dynamic weights. We computed the weights average and set the weight
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of new static synapses to them. Static weights corresponding to each Tsodyks synapse

parameters are mentioned in Table 3.10. We distinguished between these simulation

setups with “static” configuration where all synapses in the network are static and

“dynamic” configuration where synapses with Tsodyks model left unmodified.

3.2.3 Simulating a stop-signal task

We used our model to simulate a stop-signal task. This task has two components:

the first component involves initiation of movement and the second component involves

suppression of movement upon presentation of salient Stop cue. To implement this

experimental paradigm in our model, we needed to first simulate movement initiation.

The firing rate of basal ganglia input, STR, increases during movement initiation (Schmidt

et al., 2013, Mirzaei et al., 2017). The time course of this firing rate increase is about 140

ms enhancing the population firing rate of STR neurons (Mirzaei et al., 2017). These

neurons lead to a movement-related decrease in SNr neurons via inhibitory projections

in the direct pathway (Schmidt et al., 2013). To capture this firing pattern in our model,

we stimulated 30% of neurons in STR (Mirzaei et al., 2017) via inhomogeneous Poisson

spike trains with increasing firing rate from 0 Hz to a given peak firing rate (Fig. 3.1).

We used a trial-and-error approach to find the peak firing rate of spike trains that led

to STR population firing rate leading to movement initiation (see section 3.2.5). Since

we had two di↵erent network configurations (see section 3.2.2), we found the peak fir-

ing rate of the spike trains for each of them separately. For the network with “static”

configuration the peak firing rate was 900 Hz and for “dynamic” configuration the peak

firing rate was 600 Hz.

Salient Stop cue increases average firing rates of neurons in STN and GPe Arky (Mallet

et al., 2016). To evoke Stop response in STN, we stimulated STN neurons with Poisson

spike trains with a variety of firing rates (Fig. 3.2A). Spike trains with 1000 Hz and 1500

Hz (Fig. 3.2A orange and yellow) could reproduce Stop-cue responses in STN (Schmidt

et al., 2013). In addition, the duration of stimulation mimicked the brief firing profile

of STN neurons (⇡ 20ms) (Schmidt et al., 2013, Mallet et al., 2016). we followed the

same approach to evoke Stop response in GPe Arky but with a longer temporal profile

(⇡ 40 ms; Fig. 3.2B).

In addition to the stimulation strengths to STN and GPe Arky that we varied to resolve

our uncertainty in the absolute population firing rates of STN and GPe Arky in vivo, we

varied the onset time of the Stop related stimulations in STN and GPe Arky. We varied

the onset time of STN stimulation with respect to the time point where the maximum

firing rate in STR (STR-STN relative time; Fig. 3.3A). We also varied the onset time
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Figure 3.1: Stimulating MSNs in STR by an inhomogeneous Poisson spike train
mimicking firing pattern during movement initiation. Both projection neuron types
(D1 & D2 MSN) in STR received the stimulus (with maximum firing rate of 900 Hz)
and their firing rates were averaged (All MSNs) to compare with the experimental
observation (Mirzaei et al., 2017). The average firing rate of SNr neurons decreases
due to inhibitory projections from D1 MSNs through indirect pathway corresponding
to the firing pattern of SNr neurons during movement initiation (Schmidt et al., 2013).
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Figure 3.2: Simulated Stop responses in STN and GPe Arky in Stop signal task. (A)
Stimulating STN neurons with Poisson spike trains with di↵erent rates. Poisson spike
trains were active for 20 ms mimicking short STN response during Stop-cue presenta-
tion. (B) Poisson spike trains with di↵erent frequencies used to stimulate GPe Arky.

The duration of these spike trains was 40 ms.
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Figure 3.3: Simulation of stop-signal task with our model and the sample responses
of the stimulated neuron populations for this task. (A) Inhomogeneous Poisson spike
trains increase the population firing rate of D1 MSNs mimicking movement initiation.
(B) Stop response in STN evoked by Poisson spike trains with variable timing with
respect to the o↵set time of STR stimulation (at 0 ms; STR-STN rel. time). (C) Stop
response in STN evoked by Poisson spike trains with variable timing with respect to

the onset time of STN stimulation (STN-GPA rel. time).

of GPe Arky stimulation with respect to the onset time of STN stimulation (STN-GPA

relative time; Fig. 3.3B). We varied these two relative times to investigate the impact

Stop response timing on movement suppression.

3.2.4 Removing projections from STN to GPe arky

For our simulations in section 3.3.3, we needed to exclude projections from STN to GPe

Arky. Since these projections were excitatory, their exclusion decreased the baseline

firing rate of GPe Arky compared to the unmodified version of the model. Therefore,
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we used a binary search algorithm to find the required firing rate for a Poisson spike

generator compensating the firing rate di↵erence due to removing STN projections to

GPe Arky. We found that increasing the firing rate of external input of GPe Arky

(⌫GPeArky ; Table 3.7) to 717 Hz.

3.2.5 Data analysis

Identifying movement initiation

We identified movement initiation by observing population activity pattern in SNr and

identifying long enough decreases. In chapter 2, we found that neurons in SNr decrease

their activity during movement initiation. Due to the inhibitory projections from SNr to

motor thalamus, this decrease in SNr firing rate can trigger movement via post-inhibitory

rebound spikes in motor thalamus. Therefore, we identified decreases in SNr by pooling

spike times from all SNr neurons and found the time points when inter-spike intervals

exceeded 20 ms.

Measuring delay and suppression of movement initiation

We investigated the impact of Stop response in STN on delaying movement initiation in

section 3.3.1. We did two sets of simulations, one without Stop response in STN and the

other one with Stop response in STN (delaying expected) with identical random seeds.

For each set, we detected movement initiation (see the previous paragraph) and found

the corresponding time point when movement initiation occurred. Therefore, the delay

was the subtraction of the time point we already computed in simulations without Stop

response from the time point in simulations with Stop response.

We applied a similar approach to compute the percentage of suppressed movements

(sections 3.3.2 and 3.3.3). We did two sets of simulations, one without Stop response

in STN and GPe Arky and the other one with Stop response in STN and GPe Arky

(suppression expected) with identical random seeds. For each set, we counted the num-

ber of movement initiations. Therefore, the proportion of decreases was the number

of movement initiations in simulations with Stop response to the number of movement

initiations in simulations without Stop response. We subtracted this proportion from 1

to compute the proportion of suppressed decreases and multiplied by 100 to compute

the percentage of suppressed movements.
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Figure 3.4: The e↵ect of Stop response in STN on delaying movement initiation. (A)
Average delay achieved for three di↵erent stimulation strengths (represented in colours)
and di↵erent stimulation timing to maximum firing rate in STR (see Fig. 3.3B). (B)
Distribution of delays for the corresponding letter in (A) where the average delay is
positive. (C) Distribution of delays for the corresponding letter in (A) where the average
delay is negative. Note that in both (B) and (C) there are negative delays indicating

speeding up of movement initiation.

3.3 Results

3.3.1 Stop response in STN delays movement initiation

According to the “pause-then-cancel” model of stopping (Schmidt and Berke, 2017), the

basal ganglia contribute to behavioural inhibition in two steps: first delaying movement

initiation and second suppressing initiation of movement. We began our investigation

by focusing on Stop response in STN hypothesised to delay movement initiation. There-

fore, we used our model to simulate stop-signal task with Stop response only in STN

(see section 3.2.3). We used “static” configuration of our model allowing us to study

large parameter sets (see section 3.2.2). We varied STN stimulation strength and the

onset time of STN stimulation with respect to the time point where maximum firing

rate in STR (STR-STN relative time; see section 3.2.3). We found that STN stimu-

lation, despite being strong, had a very small impact on delaying movement initiation

(maximum 5 ms delay; Fig. 3.4A). We also looked at the distribution of delays for the

maximum (Fig. 3.4B) and the minimum (Fig. 3.3C) average delays. We found that even

for positive average delays there were some trials with negative delays indicating Stop

response in STN did not delay but rather sped up the initiation of movement.

To find the reason underlying negative delays, we looked at the population average firing

rates of individual neuron populations. Since stimulation in STN only directly a↵ects GP

Proto and SNr, we only focused on the average firing rate of these populations (Fig. 3.5).

We compared the firing rates with (Fig. 3.5, blue trace) and without (Fig. 3.5, green
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Figure 3.5: The e↵ect of Stop response in STN during movement initiation shown
in average population firing rates of STN, GPe Proto and SNr. Stop response in STN
increases the activity in GPe Proto neurons leading to the inhibition of SNr via indirect
pathway. This extra inhibition in SNr (indicated by black arrow) is identified as move-
ment initiation (see section 3.2.3) leading to speeding up and not delaying of movement

initiation.

trace) Stop stimulation in STN. We found that the STN stimulation increased GPe

Proto firing rate leading to a brief decrease in SNr firing rate (Fig. 3.5, black arrow) via

its inhibitory projections. This brief decrease passed our movement initiation criterion

(see section 3.2.3) leading to earlier detection of movement represented as negative delay

in movement initiation.

For the investigation of delay so far, we simulated the network with “static” configura-

tion (see section 3.2.2). In the network with “dynamic” configuration, the synapses from

GPe Proto to SNr undergoes short-term depression. Therefore, the absent depressive

synapses in “static” configuration might explain why Stop response in STN led to nega-

tive delays. Since the synapse types in STR collateral and projections from STR to SNr

are “dynamic”, we needed to modify the increasing stimulation parameter to STR (see

section 3.2.3). We repeated our simulation experiments with Stop response only in STN.

We found that when the projections from GPe Proto to STN were “dynamic”, the early
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Figure 3.6: Comparison of delaying in “static” (red trace) and “dynamic” (blue
trace) network configurations. For both configurations, STN=1500 Hz. Network with
“dynamic” configuration shows prominent delaying e↵ect (blue trace) in contrast to the

network with “static” configuration (red trace).

inhibition in SNr (Fig. 3.5, black arrow) vanished. Consequently, Stop response in STN

led to prominent delay of movement initiation up to 25 ms (Fig. 3.6). We conclude that

in a network configuration closer to basal ganglia synaptic properties, Stop response in

STN can delay movement initiation.

3.3.2 Stop responses in STN and GPe Arky suppress movement initi-

ation

Stop responses in STN could only delay movement initiation but not completely suppress

it. According to the “pause-then-cancel” model of stopping, Stop response in GPe

Arky can account for complete suppression of movement (Schmidt and Berke, 2017).

Therefore, we investigated movement suppression by evoking Stop response also in GPe

Arky in our model (see section 3.2.5).

We started our investigation with “static” network configuration improving simulation

performance and facilitating the investigation of large sets of parameters (Fig. 3.7). To

quantify suppression of movement, we computed the percentage of suppressed move-

ments in SNr (see section 3.2.5). We found that Stop response in both STN and GPe

Arky could successfully suppress movement initiation. In addition, for moderate Stop

response in GPe Arky the most e↵ective suppression e↵ect happened for STN-GPe Arky

relative time between 40 and 60 ms, which is in line with the time delay between Stop

response in STN and GPe Arky (Mallet et al., 2016).



Chapter 3. Movement cancellation in the basal ganglia 52

Having constrained our stimulation parameters using the network with “static” config-

uration, we repeated our simulations with the network with “dynamic” configuration.

This was important because only the network with “dynamic” configuration could delay

movement initiation (see section 3.3.1). We found that the network with “dynamic”

configuration could also suppress movement initiation (Fig. 3.8). However, STN-GPe

Arky relative time leading to the substantial suppression was di↵erent from the relative

obtained in “static” configuration.

To find out the reason for the di↵erence in the impact of STN-GPe Arky relative timing,

we compared the average firing rates for the simulations with “static” (Fig. 3.9A) and

“dynamic” (Fig. 3.9B) network configurations. We obtained both sets of average firing

rates with the identical set of STN-GPe Arky relative time in the range of 40-60 ms.

This range led to the suppression of movement in the network with “static” configuration

but not with “dynamic” configuration. We found that in “static” network configuration,

Stop response in GPe Arky can decrease the firing rate of D1 MSNs leading to the dis-

inhibition of SNr (Fig. 3.9A; red trace). However, in “dynamic” network configuration,

although Stop response influenced the activity of D1 MSNs, disinhibition of SNr did not

take place. Since projections from D1 MSNs to SNr underwent facilitation, SNr firing

rate decreased to zero (Fig. 3.9B; blue trace) earlier than SNr firing rate in “static”

network configuration (Fig. 3.9A; blue trace).

We conclude that Stop response in STN and GPe Arky in our model can suppress

movement initiation. However, the time delay between the onset time of Stop response

in STN and GPe Arky matched with experimental findings only when the network was

in “static” configuration. This might point to the possibility that Stop response in GPe

Arky may not just reduce the firing rate of MSNs in STR during movement initiation but

rather completely suppress their activity during movement initiation (see Discussion).

3.3.3 The impact of STN-GPe Arky projections on movement sup-

pression

So far, our model assumed direct projections from STN to GPe Arky leading to trans-

mission of Stop response in STN to GPe Arky as well. However, experimental evidence

from rats suggests that Stop response in GPe Arky does not originate from STN (see

Introduction).

We removed projections from STN to GPe Arky (see section 3.3.3) to investigate whether

STN projections to GPe Arky was necessary to suppress movement. We repeated Stop

signal task simulation in our model with “dynamic” configuration (section 3.2.2). We
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Figure 3.7: The impact of Stop response in STN and GPe Arky on suppression of
movement in the network with “static” configuration. In each row the stimulation
strength of STN is fixed while the stimulation strength of GPe Arky varying. In the
first column (GPA=1100 Hz), when STN stimulation is strong (STN=1000 Hz and 1500
Hz), the relative timing of STN and GPe Arky stimulations influences the suppression.

When stimulation to GPe Arky is greater than 1100 Hz, this e↵ect vanishes.

found that removing STN projections to GPe Arky did not influence stopping perfor-

mance (Fig. 3.10). We conclude that the suppression of movement in our model does

not depend on the projections from STN to GPe Arky.

3.4 Discussion

We used a spiking network model of the basal ganglia to study movement suppression.

Based on experimental studies investigating movement suppression in rats doing stop-

signal task (Schmidt et al., 2013, Mallet et al., 2016), we tested “pause-then-cancel”
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Figure 3.8: The impact of Stop response in STN and GPe Arky on suppression of
movement in the network with “dynamic” configuration. The maximum stimulation
intensity to STR evoking movement related response is 600 Hz. The STN and GPe Arky
were stimulated with 1500 Hz and 1100 Hz stimulation to show the Stop response.

model of stopping describing the neural mechanisms underlying movement suppression

in the basal ganglia in our model (Schmidt and Berke, 2017). We found that Stop

response in STN delayed movement initiation (Fig. 3.6). In addition, Stop response in

both STN and GPe Arky completely suppressed movement initiation (Fig. 3.10). Our

results confirmed the hypothesis that stopping in the basal ganglia involves a fast and

short process (in STN) delaying movement initiation buying time for a slow and longer

process (in GPe Arky) to fully suppress movement.

Besides experimental studies computational studies also investigated behavioural inhi-

bition in the basal ganglia. An earlier computational study investigating behavioural

inhibition in the basal ganglia assumed persistent Stop-related activity in STN, which

also drove Stop response in GPe Arky (Wei and Wang, 2016). Our model improved un-

derstanding the role of the basal ganglia in behavioural inhibition by utilising realistic

short Stop responses in STN and GPe Arky in the simulation of Stop signal task. In ad-

dition, our model was capable of suppressing movement initiation even for the scenario

that Stop response in STN and GPe Arky were independent (Fig. 3.10).

In the present study, we designed stimulation patterns mimicking movement initiation

in STR (Fig. 3.1) and Stop responses in STN and GPe Arky (Fig. 3.2) such that they

matched experimental observations (Schmidt et al., 2013, Mallet et al., 2016, Mirzaei

et al., 2017). However, the average firing rates of STR and SNr in our simulation results
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Figure 3.9: Comparison of movement initiation and suppression in “static” and “dy-
namic” network configurations by observing average firing rates of SNr and D1 MSNs in
STR. Green traces shows the average firing rates in these neural population when there
was no Stop stimulation is present. Blue traces shows the average firing rates when
sensory stimulation was only present in STN. Red traces shows the average firing rates
when Stop response was present in STN and GPe Arky. Stop responses were evoked
using STN=1500 Hz and GPA=1100 Hz. (A) Stop responses in STN and GPe Arky
could suppress movement in the network with “static” configuration. Movement-related
increase in D1 MSNs was generated with STR=900 Hz. (B) The average firing rates
obtained by simulating Stop signal task in the network with dynamic configuration with
identical stimulation parameters as A (except STR=600 Hz; see section 3.3.1). This
network configuration failed to suppress movement. Note the longer movement-related
decrease in SNr compared to (A). (C) The average firing rates obtained from “dynamic”
network configuration with the stimulation relative times (taken from Fig. 3.8) enabling

the model to perform movement suppression.

could not reproduce experimental observations in successful Stop trials. In these exper-

imental trials, MSNs in STR do not show movement-related activity increase. However,

STR average firing rate from our simulation results show movement-related activity even

in successful Stop trials (Fig. 3.10). This experiment-simulation disagreement holds also

for SNr average firing rate in successful Stop trials. Due to inhibitory projections from

STR to SNr via basal ganglia direct pathway, experiment-simulation disagreement in

STR can lead to disagreement in SNr. Therefore, explaining striatal activity mismatch

can also explain SNr activity mismatch.

One possible reason for this di↵erence is that our model utilised point neuron models in

STR, which are unable to account for dendritic computations. It has been shown exper-

imentally and computationally that very short clustered excitation (several milliseconds

long) on distal dendrites of MSNs can evoke long-lasting plateau potentials at soma (⇡
100 ms; Du et al., 2017). These plateau potentials enhance the excitability of soma,
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Figure 3.10: The impact of Stop response in STN and GPe Arky on suppression
of movement in “dynamic” network configuration without projections from STN to
GPe Arky. (A) The percentage of suppressed movements for the following stimulation
parameters: STR = 600 Hz, STN = 1500 Hz and GPA = 1100 Hz. This percentage is
shown with varying the relative time from STR stimulation o↵set to STN stimulation
onset (y-axis) and from GPe Arky stimulation onset to STN stimulation onset (x-axis).
(B) Sample average firing rate of 4 di↵erent neural populations when the suppression
is successful. Green traces shows the activity pattern in these neural population when
there is no Stop stimulation is present. Blue traces shows the activity patterns when
sensory stimulation is only present in STN. Note that the Stop response in STN does
not evoke an activity increase in GPe Arky (compare with the first peak in Fig. 3.3B).
Red traces shows the activity patterns when Stop response is present in STN and GPe

Arky.



Chapter 3. Movement cancellation in the basal ganglia 57

which in turn enhance the probability of spiking. In conclusion, movement-related ac-

tivity in MSNs might be due to the plateau potentials evoked by clustered excitation on

MSNs’ distal dendrites. Interestingly, these plateau potentials can be easily suppressed

via the inhibition that target the site where clustered excitation is present (Du et al.,

2017). Since GPe Arky responds to Stop signal (Mallet et al., 2016) and widely projects

back to STR (Mallet et al., 2012), the Stop response in GPe Arky might suppress the

plateau potential that leads to movement-related spiking in MSNs and consequently

suppress movement.
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Table 3.9: Model parameters: Network parameters for the basal ganglia network
(Lindahl and Kotaleski, 2016).

Parameter Description
CFGPeArky!MSN = 10 Number of fan-in presynaptic connections
CFGPeArky!FSI = 10 on each postsynaptic neuron
CFGPeProto!FSI = 10
CFGPeProto!SNr = 32
CFMSND1!SNr = 500
CFMSND2!GPeProto = 500
CFSTN!SNr = 30
CFSTN!GPe = 10
CFSTN!GPeProto = 10

⌧GPeProto!FSI
gaba = 17ms Decay time constant of the synapses

⌧
GPeArky!FSI
gaba = 66ms

⌧MSND2!GPe
gaba = 6ms

⌧STN!GPeProto
ampa = 2ms

⌧
STN!GPeArky
ampa = 2ms

⌧
GPeArky!MSND1

gaba = 87ms

⌧
GPeArky!MSND2

gaba = 76ms

⌧MSND1!SNr
gaba = 5.2ms

⌧STN!SNr
ampa = 12ms

⌧GPeProto!SNr
gaba = 2.1ms

⌧GPeProto!STN
gaba = 8ms

gGPeProto!FSI
gaba = 2nS Synaptic conductances

g
GPeArky!FSI
gaba = 0.51nS

gSTN!GPeProto
ampa = 0.35nS

g
STN!GPeArky
ampa = 0.11nS

g
GPeArky!MSND1

gaba = 0.04nS

g
GPeArky!MSND2

gaba = 2g
GPeArky!MSND1

gaba

gGPeProto!STN
gaba = 0.08nS

EGPe!FSI
gaba = �74mV Synaptic reversal potentials

EMSND2!GPe
gaba = �65mV

ESTN!GPeProto
ampa = 0mV

E
GPeArky!MSN
gaba = �74mV

EMSND1!SNr
gaba = �80mV

ESTN!SNr
ampa = 0mV

EGPeProto!SNr
gaba = �72mV

EGPeProto!STN
gaba = �84mV

dGPe!FSI
gaba = 7ms Synaptic delays

dMSND2!GPe
ampa = 7ms

d
GPeArky!MSN
gaba = 7ms

dMSND1!SNr
gaba = 7ms

dSTN!SNr
ampa = 4.5ms

dGPeProto!SNr
gaba = 3ms

dGPeProto!STN
gaba = 1ms
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Table 3.10: Model parameters: Synapses with facilitation and depression and their
corresponding “static” synaptic strengths (Lindahl and Kotaleski, 2016).

Synapse U ⌧rec ⌧fac Weight (Tsodyks) Weight (Static)
FSI ! MSND1 0.29 902 ms 53 ms 20.7 nS 1.42 nS
FSI ! MSND2 0.29 902 ms 53 ms 20.7 nS 1.42 nS
FSI ! FSI 0.29 902 ms 53 ms 20.7 nS 0.24 nS

GPeProto ! SNr 0.196 969 ms 0 ms 387.7 nS 7.97 nS
MSND1 ! SNr 0.0192 623 ms 559 ms 104.1 nS 0.94 nS

MSND2 ! GPProto 0.24 13 ms 77 ms 8.3 nS 0.65 nS
MSND2 ! GPArky 0.24 13 ms 77 ms 8.3 nS 8.3 nS

STN ! SNr 0.29 902 ms 53 ms 1.7 nS 0.65 nS





Chapter 4

Suppression of plateau potentials

cancels movement initiation in

the striatum

4.1 Introduction

In chapter 3, we investigated behavioural inhibition in a spiking network model of the

basal ganglia. We found that Stop response in arkypallidal neurons in GPe (GPe Arky)

together with Stop response in subthalamic nucleus (STN) can suppress the movement-

related activity in MSNs preventing the movement-related decrease in SNr. However,

we observed that population firing rates of MSNs and neurons in SNr were di↵erent

from electrophysiological recordings in rats successfully suppressed movement initiation

(Schmidt et al., 2013). The reason for this di↵erence might be that we utilised point

neuron models in our network model that are simple and only account for limited types

of computations.

Point neuron models are very popular in large-scale modelling of the brain. These mod-

els have rather simple dynamics leading to tractable computational complexities while

to some extent capturing emerging network properties of the brain. A subgroup of these

models such as the family of leaky integrators behave like a threshold detector of the

61
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B

A

Figure 4.1: Experimental observation of plateau potentials in vitro. (A) Glutamate
releases at distal dendrites (⇠130 µm from soma) of a pyramidal neuron in layer 5 lead
to supralinear behaviour of membrane potential recorded at soma (image taken from
Major et al., 2013). Stimulating one additional spine leads to stronger depolarisation
by a factor of two (right panel). (B) Glutamate release on distal dendrites, as well
as electrical stimulation of them, evoked plateau potentials at soma in medium spiny
neurons in the striatum (image taken from Du et al., 2017). Stimulating proximal

dendrites by either means lead to only a brief depolarisation.

temporal integration of their inputs. They presume that soma performs all computa-

tions and other compartments such as dendrites do not have substantial influence in

computations. However, there is evidence that dendritic computations play functional

roles in the brain (London and Häusser, 2005).

One aspect of these computations arises from active properties of dendrites. Distal

dendrites with active properties can evoke dendritic N-Methyl-D-aspartic acid (NMDA)

spikes upon strong synaptic excitations. This dendritic spike depolarises somatic mem-

brane potential (i.e. plateau potentials) for rather long time promoting temporal integra-

tion of other excitatory inputs. This phenomenon has been observed in layer 5 pyramidal

neurons in neocortex (Major et al., 2013; Fig. 4.1A) and medium spiny neurons (MSN)

in the striatum, the input of the basal ganglia (Du et al., 2017; Fig. 4.1B).
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MSNs form almost 95 % of the neural population in the striatum. These neurons receive

excitation from the cortex and the thalamus. One major source of inhibition to these

neurons is within the striatum, i.e. from axon collaterals of other MSNs and di↵erent

interneuron types in the striatum. MSNs also receive inhibition from GPe Arky neurons

(Mallet et al., 2008). These neurons have dense projections to striatum (Mallet et al.,

2012), which can be also strong (Glajch et al., 2016). In a stop-signal task, GPe Arky

responds to Stop cue in trials where rats could successfully suppress their planned move-

ment (Mallet et al., 2016). In chapter 3, we observed from our modelling results that

population firing rates of MSNs and neurons in SNr were di↵erent from electrophysi-

ological recordings in rats successfully suppressed movement initiation (Schmidt et al.,

2013). In these recordings, MSNs and neurons in SNr did not show movement-related

activity in successful Stop trials. Due to the direct inhibitory projections from striatum

to SNr, the di↵erence in SNr firing pattern may originate from di↵erence in striatal firing

pattern (see section 3.4).

In this chapter, we focused on the firing pattern di↵erence in MSNs with D1 receptors

(D1 MSNs) in the striatum and investigated whether using a biophysically detailed neu-

ron model of a D1 MSN could reproduce the firing pattern observed experimentally.

We found that evoked plateau potentials in the soma of a D1 MSN model enhanced

the model excitability leading to spiking activity of the model neuron mimicking ac-

tivity pattern during movement initiation. Properly timed inhibition could suppress

the evoked plateau potential decreasing the model excitability, which consequently sup-

pressed movement-related increase in the model.

4.2 Materials and Methods

4.2.1 Model neuron

We used a detailed biophysical, multicompartmental model of a D1 MSN (Lindroos et al.,

2018), which is developed in NEURON simulation tool (Hines and Carnevale, 1997)

and available online: https://senselab.med.yale.edu/ModelDB/ShowModel.cshtml?

model=237653. We used Python programming language to interact with NEURON

https://senselab.med.yale.edu/ModelDB/ShowModel.cshtml?model=237653
https://senselab.med.yale.edu/ModelDB/ShowModel.cshtml?model=237653
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Figure 4.2: Morphology of the model neuron with its dendritic arborisation (image
take from Lindroos et al., 2018).

simulation tool. This model is an updated version of an earlier D1 MSN model (Du et al.,

2017) in terms of morphology (Fig. 4.2), active properties (such as active ion channels)

and passive properties. Here we mention only the updates applied to Du and colleagues’

model (for more details regarding the model please see Du et al., 2017, Lindroos et al.,

2018). The soma and the initial segment of the axon are with single compartments,

whereas the dendritic tree comprised of multiple compartments. Parameters for passive

properties of the model neuron and parameters for ion channels are mentioned in Tables

4.1 and 4.2, respectively.

Table 4.1: Model parameters: Passive properties (Lindroos et al., 2018). The values
are reported as the mean of uniform distributions.

Parameter Value
Axial resistance, Ra 150 Ohm/cm

Membrane Capacitance, Cm 1 µF/cm2

Leak conductance 1.25⇥ 10�5 S/cm2

Leak reversal potential �70 mV
Na+ reversal potential �85 mV
K+ reversal potential 50 mV

4.2.2 Inputs to the model neuron

We simulated our model neuron with three di↵erent inputs to generate the activity

patterns in D1 MSN during movement initiation and suppression. We used clustered
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Table 4.2: Model parameters: Ion channels conductance (S/cm2)/permeability
(cm2/S) over cell compartments as a function of distance to soma (Lindroos et al.,

2018).

Channel Compartment Distribution type Maximal value (x)

Naf
Soma Uniform 9

Dendrite Sigmoid 0.9(0.1 + 0.9
1+e(x�60)/10 )

Axon Step 0.9H(30� x) + 9

Kas
Soma Uniform 0.012

Dendrite Exponential 0.0012(1 + 9e�x/5)
Axon Uniform 7⇥ 10�3

Kaf
Soma Uniform 0.11

Dendrite Sigmoid 0.11(1 + 0.5
1+e�(x�120)/30 )

KIR Soma/Dendrite Uniform 9⇥ 10�4

Kdr Soma/Dendrite Uniform 7⇥ 10�4

SK Dendrite Uniform 2⇥ 10�5

BK Soma/Dendrite Uniform 10�4

CaL1.2 Soma/Dendrite Uniform 10�5

CaL1.3 Soma/Dendrite Uniform 10�6

CaN Soma Uniform 3⇥ 10�5

CaR Soma/Dendrite Uniform 10�4

CaT3.2 Dendrite Sigmoid 10�7

1+e�(x�70)/4.5

CaT3.3 Dendrite Sigmoid 10�8

1+e�(x�70)/4.5

Naf: fast inactivating Na+; Kas: slow inactivating K+; Kaf: fast A-type K+; KIR:
inward rectifying K+; SK: Ca2+ dependent small conductance K+; CaL1.2: long lasting
Ca2+; CaL1.3: long lasting Ca2+; CaN: N-type Ca2+; CaR: blocker resistant Ca2+;
CaT3.2: T-type Ca2+; CaT3.3: T-type Ca2+

Table 4.3: Model parameters: inhibitory and excitatory synapses (Du et al., 2017).

Synapse parameter Synapse type Value (unit)

Rise time constant
AMPA 2.2 (ms)
NMDA 5.63 (ms)
GABA 0.5 (ms)

Decay time constant
AMPA 11.5 (ms)
NMDA 231 (ms)
GABA 7.5 (ms)

Synaptic reversal potential
AMPA 0 (mV)
NMDA 0 (mV)
GABA -60 (mV)

Excitatory conductance
(clustered input)

AMPA 0.375 (nS/µm2)
NMDA 1.88 (nS/µm2)

Excitatory conductance
(spontaneous input)

AMPA 0.141 (nS/µm2)
NMDA 0.705 (nS/µm2)

Inhibitory synapse GABA 1.5 (nS/µm2)
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excitation to evoke plateau potentials, ongoing excitation to evoke spiking activity and

inhibitory inputs to suppress plateau potentials and spiking activity.

We generated clustered excitation using a spike train with 1 ms inter-spike interval.

Throughout this study, we used only 10 spikes as clustered excitation and therefore the

clustered excitation was 10 ms long. The excitatory conductance (Table 4.3) for clustered

inputs was stronger compared to ongoing excitation because these inputs target the head

of spine (Du et al., 2017).

We generated 50 random Poisson spike trains firing at 12 Hz as ongoing excitation. We

chose randomly 50 synaptic contacts on the dendritic tree and applied these spike trains

to them. This input configuration with a coexisting plateau potential leads to spiking

activity in our model at around 4 Hz corresponding to the maximum firing rate observed

in the striatum during movement initiation (Mirzaei et al., 2017). In simulations where

ongoing excitation was present, for each set of parameters, we used 20 di↵erent spike

trains on 50 di↵erent sets of synaptic contacts on the dendritic tree. Therefore, for these

simulations, we ran our model for each parameter set 1000 times.

The inhibitory input that we used to suppress plateau potentials and the spiking activity

was 40 ms long mimicking the duration of Stop response in arkypallidal neurons in GPe.

The spike train used as inhibitory input had 2 ms inter-spike interval.

4.3 Results

4.3.1 Plateau potentials enhance excitability

MSNs in the striatum can elicit plateau potentials at their soma when a clustered ex-

citation depolarises distal sites on dendritic tree. However, these plateau potentials

depend on the distance from the stimulated dendrite to the soma (Du et al., 2017). To

understand whether the distance dependence of plateau potentials is consistent with our

model and which sites on the dendritic tree could evoke plateau potentials, we excited

all synaptic contacts individually with clustered inputs (section 4.2.2). We sorted the

membrane potentials with respect to the distance of the stimulated site to the soma to



Chapter 4. Movement cancellation via inhibition of striatal plateau potentials 67

observe the e↵ect of distance on the evoked potential (Fig. 4.3A). We found that for

more proximal sites, the duration of the depolarisation at the soma was short. However,

as the distance of the stimulated site increased with respect to soma, the excitation

evoked longer but weaker depolarisation leading to plateau potentials (lasting up to 100

ms; Fig. 4.3B). This finding was in line with previous experimental and computational

findings showing that glutamate uncaging at distal sites of dendritic tree evoke plateau

potentials which can prolong the integration window where the neuron is more excitable

(Du et al., 2017).

We further tested whether the enhanced excitability due to the clustered stimulation

of distal dendrites can lead to spiking of our model neuron that can mimic movement-

related firing rate increase in D1 MSN. We stimulated the dendritic tree with ongoing

excitation (see section 4.2.2) without the presence of a plateau potential (Fig. 4.4B;

red trace). We found that this excitation was not strong enough to evoke any spike in

the model neuron (Fig. 4.4B; grey trace). We picked one of the sites on the dendritic

tree, where clustered excitation could evoke plateau potential at soma (Fig. 4.3B). We

stimulated the dendritic tree again with ongoing excitation (see section 4.2.2) this time

with the presence of a plateau potential. We found that evoked plateau potential at soma

can enhance the excitability such that additional spontaneous excitation can lead to the

firing of the model neuron (Fig. 4.4B; black trace). We conclude that plateau potentials

evoked by clustered excitation on distal dendrites of MSNs can enhance excitability,

which in turn lead to firing rate increases in MSNs mimicking movement-related activity.

4.3.2 Suppression of movement-related increase in MSNs

In chapter 3 we showed that properly timed Stop responses in STN and arkypallidal neu-

rons in GPe could successfully suppress the initiation of movement. However, the activity

patterns in STR and SNr in our model were di↵erent from the patterns reported exper-

imentally in successful Stop trials (Schmidt et al., 2013, Mallet et al., 2016). In these

experimental trials, there was almost no firing rate increase in the striatum (Schmidt

et al., 2013, Mallet et al., 2016), whereas in our network model the firing rate increase

in the striatum was only briefly decreased during Stop related activity in arkypallidal
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Figure 4.3: The e↵ect of clustered excitation on the membrane potential at the soma.
(A) The membrane potentials were depolarized following a 10 ms clustered excitation
(applied at 200 ms shown as vertical dotted line). The duration of depolarisation in
membrane potential increased as the distance of stimulated site to the soma increased.
(B) Sample membrane potentials recorded from the stimulation site on dendrite (top)
and from the soma (bottom). The stimulation time course is indicated by red hori-
zontal bar. This clustered stimulation evoked a long-lasting depolarisation (i.e. plateau

potential) at the soma.

neurons in GPe. In addition, SNr neurons did not decrease the firing rate in successful

Stop trials, whereas these neurons in our model did decrease their firing rate. Since SNr

receives inhibition from STR via basal ganglia direct pathway, the absent firing rate

increase in STR in successful Stop trials can explain the absence of firing rate decrease

in SNr.

In section 4.3.1 we found that plateau potentials enhanced our model excitability and

when it was combined with ongoing excitation, the model neuron evoked spikes. These
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Figure 4.4: Enhanced excitability during plateau potentials evoke spiking activity in
the model neuron. (A) Sample membrane potentials recorded at the site where clustered
excitation was present (top) and at the soma (bottom). The model receives ongoing
excitation (see section 4.2.2) with (black lines) and without (grey lines) presence of
clustered excitation. When both types of excitation were present, the model neuron
elicit spikes. (B) The average firing rate of the model neuron (black and grey lines),
ongoing excitation (red line). Red horizontal bar indicates the time interval when the

clustered excitation was present.

spikes mimicked the movement-related firing pattern in the striatum. Inhibition can

weaken plateau potentials when it is exerted on the site on the dendritic tree where clus-

tered excitation exists (Du et al., 2017). Therefore, the inhibition originating from GPe

Arky may also prevent the spiking activity in MSNs by suppressing plateau potentials.

To test this idea, we first investigated how on site inhibition can a↵ect evoked plateau

potential. We did two di↵erent simulation experiment both having plateau potentials

in one without on-site inhibition and in the other with on-site inhibition (Fig. 4.5). We

found that on site 40 ms long inhibition (mimicking duration of Stop response in GPe

Arky) after initiation of plateau potential could dramatically weaken the membrane

potential at the soma and the stimulated dendrite.

We further investigated the impact of on-site inhibition on MSN spiking activity that was
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Figure 4.5: The impact of inhibition at the site of clustered excitation on the plateau
potential. (A) Membrane potential recorded at the stimulation site of a clustered input
(horizontal red bar) leading to a plateau potential (grey line). Inhibition (horizontal
blue bar) targeting this site after the clustered excitation dramatically reduces the
amplitude of the plateau potential (black line). (B) Membrane potential recorded at
soma during stimulation of clustered input at a distal dendrite with inhibition (black

trace) and without inhibition (grey line).

facilitated by the enhanced excitability during plateau potentials. Therefore, we used

the simulation scenario where we got spiking activity by combining plateau potentials

and spontaneous Poisson excitation (Fig. 4.4C) and added inhibition on the site (see

4.2.2) where the clustered excitation was present (Fig. 4.6). We systematically varied

the inhibition timing from the first spike in the clustered excitation (Fig. 4.6). We found

that the properly timed inhibition could substantially reduce the spiking activity of the

model neuron. This suggests that application of inhibition on the dendritic site where

clustered excitation evoked a plateau potential can suppress movement related increase

in the striatum. Due to the wide-spread inhibitory projections from GPe Arky to MSNs

(Mallet et al., 2012), it is very likely that they also target distal dendrites where plateau

potentials are initiated. We conclude that suppression of movement-related activity in

STR via GPe Arky inhibitory projections explains the underlying neural mechanism of

cancellation in “pause-then-cancel” model of stopping.
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Figure 4.6: The e↵ect of on-site inhibition on the spiking activity of the model neuron
promoted via plateau potentials. (A) The average of membrane potentials at soma over
all repetitions of the simulation with a set of parameters. A dendritic plateau potential
enhanced soma excitability enabling ongoing excitation evoking spikes at soma (grey
line). Inhibition targeting the site where the plateau potential was present reduced
the excitability of the soma (black line). (B) Comparison of spiking activities of the
model neuron before (grey line) and after the application of inhibition (black line) shows
that reduced excitation due to inhibition suppressed spiking activity. (C) Systematic
investigation of the relative timing of inhibition to clustered excitation on the spiking
activity of the model neuron. Inhibition targeting the dendrite 50 ms to 100 ms after
the clustered excitation had substantial e↵ect in suppressing the spiking activity in

soma.
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4.4 Discussion

We utilised a biophysically detailed multicompartmental model of a D1 MSN in the

striatum to study the impact of Stop response in GPe Arky on the movement-related

activity in the striatum. In chapter 3, we found that Stop responses in STN and GPe

Arky could suppress the initiation of movement. However, the firing patterns we ob-

served in chapter 3 in successful Stop trials were di↵erent from their corresponding

experimental findings (Schmidt et al., 2013). We explained this di↵erence in the con-

text of dendritic plateau potentials and their implications in generating and suppressing

spiking activity in the striatum. We showed that dendritic plateau potentials were cru-

cial for movement initiation in the striatum. In addition, we showed that the inhibition

targeting these potentials at their dendritic site can e�ciently weaken them leading to

the suppression of movement initiation in the striatum, which corresponds to successful

Stopping function in the basal ganglia.

In the present study, we confirmed that clustered excitation on a distal dendrite evoked

a plateau potential enhancing MSN’s excitability (Du et al., 2017). We found that

weak excitatory synaptic inputs can lead to spiking activity when a plateau potential

was present. This might point to the intriguing possibility that brief strong inputs

from cortex forming clusters on MSNs distal dendrites convey movement signal through

enhancing the excitability leading to firing rate increase during movement initiation.

This brief strong cortical activity is similar to what is already observed in a subset

of neurons in the anteriolateral motor cortex during initiation of directional licking

task (Guo et al., 2017). Since di↵erent motor cortical areas target MSNs in STR, this

experimental evidence gives rise to the possibility that MSNs receive cortical excitation

with this activity pattern.

Our findings also confirmed that inhibition counteracting with the clustered excitation

at the same dendritic site was able to decrease the excitability that was enhanced by

clustered excitation (Du et al., 2017). Moreover, we found that when our model neuron

was spiking due to a combination of plateau potential and unclustered excitation, on

site inhibition which suppressed the plateau potential could also substantially suppress
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spiking in D1 MSN. GPe Arky widely projects to striatum (Mallet et al., 2012) and

therefore their axon terminals can also target distal dendrites where clustered excitation

exists. This suggests that Stop response in GPe Arky can provide the inhibitory signal

that decreases MSNs excitability and consequently suppresses movement-related activity

in the striatum.

One limitation of our model is that although it could show firing rate increase when a

plateau potential was present during unclustered excitation, this increase had di↵erent

temporal characteristic with respect to the movement-related increase in the striatum

in experimental observation (firing rate increase up to 4 Hz in 140 ms; Mirzaei et al.,

2017). The movement-related increase in this experimental observation was the average

firing rates of MSNs with movement-related increases at di↵erent times. In contrast, the

peak firing rate of our model neuron always appeared around the same time. Therefore,

di↵erent temporal patterns can be due to variability in the timing of the peak firing

rate. It is possible to reproduce the experimental observations by having the peak firing

rates of MSNs at di↵erent time point.
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Chapter 5

Discussion

The goal of this thesis was to better understand the role of the basal ganglia in move-

ment initiation and suppression in terms of the neural coding involved and how this

neural coding changes from healthy state to diseased states. To achieve this goal, I

used computational modelling approach at three di↵erent levels. These levels involve

a Hodgkin-Huxley point neuron model (in chapter 2), a large-scale network model (in

chapter 3) and a biophysically detailed multicompartmental model (in chapter 4). In

the following, I highlight the most important findings of this thesis and discuss them

with related works.

5.1 Movement initiation in nigrothalamic pathway

I investigated movement initiation by specifically looking at the transmission of motor

signals in nigrothalamic pathway (chapter 2). The motor signal was modelled as a de-

crease in the firing rate of basal ganglia output neurons during movement initiation.

This movement-related firing pattern has been observed in primates during forearm

movement (Schultz, 1986), eye movement (Hikosaka and Wurtz, 1983) and finger move-

ment (Leblois et al., 2007) and also in rodents during head movement (Schmidt et al.,

2013). I found that movement-related decrease in SNr transmit motor signals via post-

inhibitory rebound spikes in the thalamocortical neurons (Fig. 2.2). This modelling

observation was in line with in vitro (Person and Perkel, 2005, Leblois et al., 2009)

75
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and in vivo (Kim et al., 2017) experimental studies proposing functional roles for re-

bound spikes in the thalamus as neural signals of vocal learning (in avians) and muscle

contraction (in rodents). However, there are lines of evidence that due to the cortical

excitation that target the thalamus, movement-related decrease in its inhibitory inputs,

SNr, disinhibits the thalamus and gate the cortical excitation (Deniau and Chevalier,

1985, Goldberg et al., 2013, Edgerton and Jaeger, 2014). Therefore, I also investigated

the impact of excitation coexisting with the inhibitory inputs. Using a systematic vari-

ation of excitatory and inhibitory strengths, I found that the thalamus can transmit

motor signals via rebound spike despite the presence of excitation (Fig. 2.6). This result

supports the idea that rebound spikes can play functional roles in behaving subjects.

One important activity pattern in the basal ganglia is correlated activity because it repre-

sents pathological activity in the basal ganglia during e.g. Parkinson’s disease (Bergman

et al., 1998, Bar-Gad et al., 2003, Leblois et al., 2007). Therefore, I investigated the

impact of correlation in the inhibitory inputs mimicking basal ganglia pathological ac-

tivity. I found that enhanced correlation disrupted the transmission of motor signals

by reducing signal-to-noise ratio via increasing the number of random rebound spikes

(Fig. 2.2). Enhanced rebound spikes was already proposed as the alteration that hap-

pens in thalamic activity during basal ganglia pathological states such as Parkinson’s

disease (Magnin et al., 2000, Edgerton and Jaeger, 2014). Besides pairwise correla-

tion, I also investigated the e↵ect of higher-order correlations on this transmission. My

simulation results provided novel insights into the e↵ect of correlation by showing that

higher-order correlations, but not pairwise correlation, are important in disrupting the

motor signalling in nigrothalamic pathway (Fig. 2.2). This finding suggests that the

correlation structure in patients su↵ering from Parkinson’s disease favours higher-order

correlations.

In addition to correlated activity in the basal ganglia output, I investigated the impact

of sensory responses in the basal ganglia (Schmidt et al., 2013, Pan et al., 2013) on the

transmission of motor signals in nigrothalamic pathway. These responses include firing

rate increases in SNr during presentation of “Go” stimuli cueing movement and “Stop”

stimuli cueing cancellation of movement. One proposed function for Go cue-related firing



Chapter 5. Discussion 77

rate increase is to prevent impulsive or premature movement (Schmidt et al., 2013). I

observed that sensory responses in the basal ganglia, depending on their timing to motor

signals (Fig. 2.4), may promote movement by promoting the generation of rebound spikes

that signal movement initiation. In addition, I observed that these sensory responses

may also suppress movement by suppressing the generation of rebound spikes that signal

movement initiation. These findings together suggest that transmission of motor signals

via rebound spikes enables sensory signals to interact with motor signals at the level of

the thalamus.

One suggestion for improving the modelling results in this study is to consider other

sources of inhibition to thalamocortical neurons because extra inhibition can influence

the generation of rebound spikes. One important source of inhibition is the reticular

thalamic nucleus. Thalamocortical-reticlar interaction is widely studied in the context

of thalamocortical oscillations during sleep and aroused states (e.g. Steriade et al., 1993,

Hill and Tononi, 2005). These inhibitory neurons receive excitatory inputs from thala-

mocortical neurons and project back to them leading to form a negative feedback loop

(Pinault, 2004). This loop can improve our understanding of nigrothalamic transmis-

sion especially for the scenarios where thalamocoritcal neurons are spontaneously active

(Fig. 2.6). Therefore, the feedback loop may maintain the thalamocortical baseline

activity at lower rates.

5.2 E↵ect of Stop responses in the basal ganglia on delay-

ing and suppressing movement

I investigated the role of the basal ganglia on delaying and suppressing movement using

a network model of the basal ganglia. I simulated the stop-signal task, which was used

in animal studies (Leventhal et al., 2012, Schmidt et al., 2013, Mallet et al., 2016), by

stimulating relevant neural populations in the model to mimic activity patterns observed

during the suppression of movement. These neural populations were STR and SNr with

the movement-related of activity in trials where there was no suppression of movement

and STN and arkipallidal neurons in GPe (GPe Arky) with Stop-related brief increase
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of activity. I found that Stop response in STN delays movement initiation while Stop

response in both STN and GPe Arky suppressed movement. This finding supports

the “Pause-then-Cancel” model of stopping in the basal ganglia (Schmidt and Berke,

2017). According to this model and the corresponding experimental findings (Schmidt

et al., 2013, Mallet et al., 2016), Stop response in STN is fast and brief enabling it to

reactively and temporally prevent movement initiation in SNr via its direct excitatory

projections to SNr. Since the movement-related activity in SNr has a long temporal

profile (e.g. Schmidt et al., 2013), this brief Stop response may not fully cancel movement

by increasing the firing rate of SNr neurons. Stop response in GPe Arky is slower

and longer than the Stop response in STN. Therefore, GPe Arky, due to its inhibitory

projections to STR, can prevent movement-related activity in STR and in turn suppress

movement.

Although the simulation findings in this study support “Pause-then-Cancel” model of

stopping (Schmidt and Berke, 2017), the observed activity patterns in STR and SNr dur-

ing successful Stop trials did not match corresponding experimental observations. Stri-

atal activity does not increase in successful Stop trials (Schmidt et al., 2013), while stri-

atal activity increased in successful Stop trials in the simulation observations (Fig. 3.9A

and C, top panels). In addition, SNr activity does not decrease in successful Stop trials

(Schmidt et al., 2013), whereas SNr activity decreased in successful Stop trials in the

simulation observations (Fig. 3.9A and C, bottom panels). I did simulations in section 3

using a spiking network model of the basal ganglia with the neural population built with

point neuron models (Lindahl and Kotaleski, 2016). These neuron models assume that

soma is the only computing unit of a neuron and neglect dendritic computations (Lon-

don and Häusser, 2005). One aspect of the dendritic computation is through plateau

potentials at soma that are evoked by brief excitation of the distal dendrites Major et al.,

2013, Du et al., 2017. These somatic plateau potentials have long (100 ms) temporal

profile promoting the integration of synaptic inputs for a long time interval. Striatal

projection neurons (MSNs) also have this computing feature, which can be strongly

modulated by inhibition targeting the distal site where brief excitation exist.

I found that this mismatch can be explained by a mutlicompartmental neuron model
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of MSN in STR, which considers computations at dendritic level. I reproduced the

movement-related activity in MSNs by combining somatic plateau potentials evoked

by clustered excitation of distal dendrites and ongoing excitation to randomly chosen

synaptic contacts on the dendritic tree of the model (Fig. 4.4). I found that these plateau

potentials could be fully suppressed when inhibition target the dendritic location where

the clustered excitation is present and therefore confirmed previous observations (Du

et al., 2017). Complete suppression of plateau potentials vanished movement-related

activity in MSN model neuron (Fig. 4.5) showing close similarity to the activity pattern

in STR observed experimentally during successful Stop trials (Schmidt et al., 2013).

Interestingly, this realistic STR activity pattern in successful Stop trials can explain the

mismatch I observed in SNr due to direct inhibitory projections from STR to SNr.

In the simulation of stop-signal task in the network model, I identified movement initi-

ation from SNr activity by checking whether there was a 20 ms time interval with no

activity in SNr population. The 20 ms pause was motivated based on the transmission

of motor signals from SNr to the thalamus via rebound spikes (Fig. 2.2). However, mo-

tor thalamus can evoke rebound spikes also when a subset of inhibitory neurons from

SNr decrease their firing rates during movement (Fig. 2.5). In addition, this temporal

threshold led to early detection of movement initiation in our simulations with static

network configuration (Fig. 3.5). To avoid these limitations, I suggest improving the

model in the direction of adding neural population of the motor thalamus receiving in-

hibitory inputs from SNr, which can be used as the population decoding of movement

initiation.

For further comparison of the network model used in this thesis in the context of stop-

signal task with experimental (Schmidt et al., 2013, Mallet et al., 2016) and computa-

tional (Wei and Wang, 2016) studies, quantification of stop-signal reaction time (SSTR)

is necessary. SSRT is an important measure evaluating the ability of subjects (animals

and humans) in stopping performance (Verbruggen and Logan, 2009). To find the SSRT

of the stop-signal task simulated in the network model, considering Go cue-related ac-

tivity is essential. Once SSRT is estimated, it is possible to find the underlying network

parameters that influence the SSRT. The changes in the network that lead to longer
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Figure 5.1: Spectrogram of local field potential recorded from rats’ GPe in stop-signal
task (image taken from Leventhal et al., 2012). In successful Stop trials, there are two
brief epochs of � oscillation after the onset of Stop cue (top). In failed Stop trials,

however, there is only one brief epoch of � oscillation (bottom).

SSRTs may suggest the network alterations relevant in Parkinson’s disease (Gauggel

et al., 2004).

Oscillations in � band are important in the basal ganglia because they correspond to

sensorimotor processing during behaviour (Mirzaei et al., 2017). Brief epochs of os-

cillations in � band is observed in local field potential (LFP) recorded from GPe of

rats performing the Stop-signal task (Leventhal et al., 2012). The spectrogram of LFP

recordings from the rats shows a clear di↵erence between successful and failed Stop trials

(Fig. 5.1). Yet, the neural activity underlying this di↵erence is not clear. The network

model I used in chapter 3 can be used to elicit beta band activity due to STN-GPe

recurrent connections (Kumar et al., 2011, Mirzaei et al., 2017), which also exists in

the network model. Therefore, the di↵erence between successful and failed Stop trials

(Fig. 5.1) can be explained with the network model. It has been proposed that the �

epoch that appears immediately after the onset of Stop-cue (Fig. 5.1) is related to the

Go cue (Leventhal et al., 2012). The reason is that this � epoch was also observed in

Go trials that did not involve Stop cue stimulation. Therefore, it is essential to consider

Go cue-related activity for the simulation of stop-signal task to investigate the neural

origin of the di↵erence in � band.
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