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Abstract 

The basal ganglia (BG) play a critical role in a variety of regular motor and 

cognitive functions. Many brain diseases, such as Parkinson’s diseases, 

Huntington’s disease and dyskinesia, are directly related to malfunctions of 

the BG nuclei. One of those nuclei, the input nucleus called the striatum, is 

heavily connected to the cortex and receives afferents from nearly all 

cortical areas. The striatum is a recurrent inhibitory network that contains 

several distinct cell types. About 95% of neurons in the striatum are 

medium spiny neurons (MSNs) that form the only output from the striatum. 

Two of the most examined sources of GABAergic inhibition into MSNs 

are the feedback inhibition (FB) from the axon collaterals of the MSNs 

themselves, and the feedforward inhibition (FF) via the small population 

(1-2% of striatal neurons) of fast spiking interneurons (FSIs). The cortex 

sends direct projections to the striatum, while the striatum can affect the 

cortex only indirectly through other BG nuclei and the thalamus. 

Understanding how different components of the striatal network interact 

with each other and influence the striatal response to cortical inputs has 

crucial importance for clarifying the overall functions and dysfunctions of 

the BG. 

    In this thesis I have employed advanced experimental data analysis 

techniques as well as computational modelling, to study the complex nature 

of cortico-striatal interactions. I found that for pathological states, such as 

Parkinson’s disease and L-DOPA-induced dyskinesia, effective 

connectivity is bidirectional with an accent on the striatal influence on the 

cortex. Interestingly, in the case of L-DOPA-induced dyskinesia, there was 

a high increase in effective connectivity at ~80 Hz and the results also 

showed a large relative decrease in the modulation of the local field 

potential amplitude (recorded in the primary motor cortex and sensorimotor 

striatum in awake, freely behaving, 6-OHDA lesioned hemi-parkinsonian 

rats) at ~80 Hz by the phase of low frequency oscillations. These results 

suggest a lack of coupling between the low frequency activity of a 

presumably larger neuronal population and the synchronized activity of a 

presumably smaller group of neurons active at 80 Hz. 

    Next, I used a spiking neuron network model of the striatum to isolate 

the mechanisms underlying the transmission of cortical oscillations to the 

MSN population. I showed that FSIs play a crucial role in efficient 

propagation of cortical oscillations to the MSNs that did not receive direct 

cortical oscillations. Further, I have identified multiple factors such as the 
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number of activated neurons, ongoing activity, connectivity, and 

synchronicity of inputs that influenced the transfer of oscillations by 

modifying the levels of FB and FF inhibitions. Overall, these findings 

reveal a new role of FSIs in modulating the transfer of information from 

the cortex to striatum. By modulating the activity and properties of the 

FSIs, striatal oscillations can be controlled very efficiently. Finally, I 

explored the interactions in the striatal network with different oscillation 

frequencies and showed that the features of those oscillations, such as 

amplitude and frequency fluctuations, can be influenced by a change in the 

input intensities into MSNs and FSIs and that these fluctuations are also 

highly dependent on the selected frequencies in addition to the phase offset 

between different cortical inputs.  

    Lastly, I investigated how the striatum responds to cortical neuronal 

avalanches. Recordings in the striatum revealed that striatal activity was 

also characterized by spatiotemporal clusters that followed a power law 

distribution albeit, with significantly steeper slope. In this study, an abstract 

computational model was developed to elucidate the influence of 

intrastriatal inhibition and cortico-striatal interplay as important factors to 

understand the experimental findings. I showed that one particularly high 

activation threshold of striatal nodes can reproduce a power law-like 

distribution with a coefficient similar to the one found experimentally. By 

changing the ratio of excitation and inhibition in the cortical model, I saw 

that increased activity in the cortex strongly influenced striatal dynamics, 

which was reflected in a less negative slope of cluster size distributions in 

the striatum.  Finally, when inhibition was added to the model, cluster size 

distributions had a prominently earlier deviation from the power law 

distribution compared to the case when inhibition was not present.  

  

 

 

 

 

 



x 

 

Sammanfattning 

De basala ganglierna (BG) spelar en avgörande roll för flera olika 

motoriska och kognitiva funktioner. Ett flertal hjärnsjukdomar, som 

Parkinsons sjukdom, Huntingtons sjukdom och dyskinesi, är direkt 

kopplade till funktionsstörningar i Basala gangliernas kärnor. En av dess 

kärnor, striatum, har omfattande förbindelser till cortex och mottar 

afferenta kopplingar från nästan alla delar av cortex. Striatum är ett 

rekurrent inhibitoriskt nätverk som innehåller flera distinkta celltyper. 

Omkring 95% av nervcellerna i striatum är medium spiny neurons (MSN), 

vilka är den enda celltypen i striatum som kopplar vidare till andra kärnor. 

Två av de mest studerade källorna till GABAerg inhibering av MSN är 

feedback inhibition från andra MSN och feedforward inhibition via fast 

spiking interneurons (FSI), en liten grupp av de striatala nervcellerna 

utgörande 1-2%. Cortex projicerar direkt till striatum medan striatum 

endast kan påverka cortex indirekt via andra kärnor i BG samt thamalus. 

Att förstå hur olika delar av det striatala nätverket interagerar med varandra 

och påverkar det striatala svaret på signaler från cortex har en avgörande 

betydelse för att kunna klargöra såväl den övergripande funktionen liksom 

sjukdomstillstånd i BG. 

    I denna avhandling har jag applicerat avancerade dataanalysteknik på 

experimentella data och utfört datormodellering för att studera de 

komplexa interaktionerna mellan cortex och striatum. Jag har upptäckt att 

i patologiska tillstånd - såsom Parkinsons sjukdom och L-DOPA-inducerad 

dyskinesi – så är de effektiva kopplingarna dubbelriktade, men det striatala 

inflytandet över cortex är starkare. I fallet L-DOPA-inducerad dyskinesi 

fann jag en intresseväckande stor ökning av de effektiva kopplingarna vid 

~80 Hz och resultaten visade också en stor relativ minskning av 

modulationen av amplituden hos local fältpotential (LFP) vid ~80Hz av 

fasen för lågfrekventa oscillationer. Amplituden mättes i primära 

motorcortex och sensorimotorisk striatum i råttor som behandlats med 6-

OHDA. Råttorna var vakna och kunde röra sig fritt. Dessa resultat antyder 

en avsaknad på koppling mellan den lågfrekventa aktiviteten hos en större 

nervcellspopulation och den synkroniserade aktiviteten hos en mindre 

grupp nervceller som är aktiva vid 80 Hz. 

    I nästa steg använde jag en spikande neuronnätsmodell (SNN)-modell av 

striatum i syfte att isolera de underliggande mekanismerna för överföringen 

av oscillationer i cortex till MSN-populationen. Jag visade att FSI:er spelar 
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en avgörande roll för den effektiva fortplantningen av oscillationer från 

cortex till MSN:er som inte mottagit några direkta oscillationer därifrån. 

Vidare har jag identifierat ett flertal faktorer - såsom antalet aktiverade 

nervceller, pågående aktivitet, konnektivitet och synkronisitet av 

inkommande signaler - som påverkar överföringen av oscillationer genom 

att styra nivåerna av feedback och feedforwardinhibering. Det 

övergripande fyndet är en ny roll för FSI:er i styrningen av 

informationsöverföringen från cortex till striatum. Genom att ändra 

aktiviteten och egenskaperna hos FSI:er kan striatala oscillationer styras 

mycket effektivt. Slutligen utforskade jag interaktionerna i det striatala 

nätverket med olika oscillationsfrekvenser och visade att egenskaper hos 

svängningarna (såsom amplitud och frekvensfluktuationer) kan påverkas 

av en justering av intensiteten hos signalerna som går in till MSN:erna och 

FSI:erna. Frekvensfluktuationerna visade sig vara starkt beroende av val av 

frekvens samt fasskillnad mellan olika insignaler till hjärnbarken. 

    Slutligen undersökte jag hur striatum reagerar på neuronala laviner. 

Experiment i striatum avslöjade att den striatala aktiviteten också 

kännetecknades av spatio-temporala kluster som följer en power law 

distribution, dock med en betydligt brantare lutning. För denna studie 

utvecklades en abstrakt beräkningsmodell för att klarlägga vilket inflytande 

intrastriatal inhibering och samspelet mellan hjärnbark och striatum har, 

med syfte att förstå de experimentella resultaten. Jag visade att ett särskilt 

högt tröskelvärde för aktivering av striatala noder kan återskapa en power 

law distribution med en koefficient liknande den som bestämts 

experimentellt. Genom att ändra kvoten mellan excitering och inhibering i 

cortex modellen kunde jag se att ökad aktivitet i cortex kraftigt påverkade 

den striatal dynamiken, vilket syntes i form av en mindre negativ lutning 

för fördelningen av klusterstorlekar i striatum. Slutligen, när inhibering 

lades till modellen fick fördelningen av klusterstorlekar en tydligt tidigare 

avvikelse från power law distributionen jämfört med fallet när inhibering 

inte ingick i modellen 
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Zusammenfassung 

Die Basalganglien (BG) spielen eine kritische Rolle bei einer Vielzahl von 

motorischen und kognitiven Funktionen. Viele Erkrankungen des Gehirns, 

wie beispielsweise Morbus Parkinson, Chorea Huntington oder 

Dyskinesie, sind direkt mit Fehlfunktionen der BG Nuclei verbunden. 

Einer dieser Nuclei, der Corpus striatum (Striatum), ist stark vernetzt mit 

dem Cortex und empfängt Afferenten aus fast allen Gebieten der 

Großhirnrinde. Das Striatum ist ein rekurrentes inhibierendes Netzwerk, 

welches mehrere verschiedene Zelltypen enthält. Ungefähr 95% der 

Neuronen im Striatum sind mittelgroße Projektionsneuronen: MSNs 

(medium spiny neurons), die Zellklasse, die auch für das Ausgangssignal 

des Striatums verantwortlich ist. Zwei der meist untersuchten Quellen von 

GABA-vermittelten Inhibitionen der MSNs sind (i) die Feedback 

Inhibition (FB) der Axon-Kollateralen der MSNs selbst und (ii) die 

Feedforward Inhibition (FF) mithilfe der kleinen Population (1-2% der 

Neuronen im Striatum) an FSIs (fast spiking interneurons). Der Cortex 

sendet direkte Projektionen in das Striatum während das Striatum die 

Großhirnrinde nur indirekt beeinflussen kann, vermittelt durch andere BG 

Nuclei und den Thalamus. Ein hohes Verständnis der Wechselwirkung der 

verschiedenen Komponenten des Striatums und wie sie eine Antwort auf 

Signale der Großhirnrinde formen ist wichtig für die Untersuchung der 

Funktionen und Fehlleistungen der Basalganglien. 
    In dieser Arbeit habe ich sowohl fortgeschrittene Datenanalyse-

Techniken eingesetzt als auch computergestützte Modellierung, um die 

komplexen Interaktionen zwischen der Großhirnrinde und dem Corpus 

striatum zu untersuchen. Ich habe ermittelt, dass in pathologischen 

Zuständen, wie in Fällen von Morbus Parkinson und L-DOPA-induzierter 

Dyskinesie, die effektive Wechselwirkung bidirektional ist mit 

überwiegendem Einfluss des Striatums auf den Cortex. Interessanterweise 

gab es im Fall von L-DOPA-induzierter Dyskinesie einen Zuwachs der 

Wechselwirkung bei ~80 Hz und eine große Abnahme der Modulation der 

lokalen Feld-Potential-Amplitude (aufgenommen in Raten mit 6-OHDA 

Läsionen in einer Gehirnhälfte; Messung im primären Motorkortex und 

dem sensomotorischen Striatum im Wachzustand bei uneingeschränktem 

Verhalten) bei ~80 Hz um die Phase der niederfrequenten Oszillationen. 

Diese Resultate legen das Fehlen einer Verbindung zwischen der Aktivität 

bei niedriger Frequenz einer vermutlich größeren Neuronenpopulation und 
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der synchronisierten Aktivität einer vermutlich kleineren Gruppe von 

Neuronen bei 80 Hz nahe. 
   Als nächstes habe ich ein gepulstes neuronales Netz des Striatums 

benutzt, um die Mechanismen zu isolieren, die der Transmission von 

Oszillationen vom Cortex zu einer MSN Population zugrundeliegen. Ich 

habe gezeigt, dass FSIs eine ausschlaggebende Rolle in der effizienten 

Weiterleitung der Cortex-Oszillationen spielen. Weiterhin habe ich 

mehrere Faktoren identifiziert, die den Transfer beeinflussen, indem sie FB 

und FF Inhibierungen ändern: Faktoren wie beispielsweise die Anzahl der 

aktivierten Neuronen, andauernde Aktivität, Konnektivität und 

Synchronizität von Inputs. Zusammengenommen zeigen diese Ergebnisse 

eine neue Rolle der FSIs in der Modulation des Informationentransfers von 

Cortex zu Striatum. Die Modulation der Aktivität und Eigenschaften der 

FSIs steuern die Oszillationen im Striatum sehr effizient. Außerdem habe 

ich die Interaktionen im Striatum mithilfe von Oszillationen verschiedener 

Frequenzen ergründet und habe gezeigt, dass die Eigenschaften dieser 

Oszillationen wie Amplitude und Frequenz-Fluktuation von der 

Intensitätsänderung des Eingangssignals zu MSNs und FSIs abhängen. 

Darüberhinaus sind diese Fluktuationen neben der Phasendifferenz 

zwischen den kortikalen Eingangssignalen auch in einem hohen Maß von 

der ausgewählten Frequenz abhängig.  
   Zuletzt habe ich untersucht, wie das Striatum auf Lawinen der Hirnrinde 

reagiert. Aufnahmen im Striatum zeigen, dass die Aktivität durch 

räumliche und zeitliche Cluster charakterisiert wird, die einem 

Potenzgesetz folgen jedoch mit einem höheren Anstieg. In dieser 

Untersuchung wurde ein abstraktes Computermodell entwickelt, um den 

Einfluss der inhibierenden Wechselwirkungen innerhalb des Striatums und 

das Zusammenspiel von Hirnrinde und Striatum zu ergründen, um so die 

experimentellen Beobachtungen zu erklären. Ich habe gezeigt, dass eine 

besonders hohe Aktivierungsschwelle der Striatum Knoten Potenzgesetze 

reproduzieren kann, deren Koeffizienten den experimentell ermittelten 

nahe kommen. Durch Veränderung des Verhältnisses zwischen Erregung 

und Inhibierung im kortikalen Modell konnte ich sehen, dass zunehmende 

Aktivität im Cortex die Dynamik des Striatums stark beeinflusst. Dieser 

Zusammenhang spiegelt sich in einem weniger extremen aber weiterhin 

negativen Anstieg der Clustergrößen-Verteilung im Striatum wieder. Als 

Inhibierung zum Modell hinzugefügt wurde, unterschied sich die 

Clustergrößen-Verteilung deutlich früher von dem Potenzgesetz als zuvor. 
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Chapter 1  

Introduction 

Those who can imagine anything, can create the impossible. 

 

Alan Turing 

 

1.1 Brain complexity 

You, your joys and your sorrows, your memories and ambitions, your sense 

of personal identity and free will, are in fact no more than the behavior of 

a vast assembly of nerve cells and their associated molecules. 

Francis Crick 

The brain is the most complex structure in the known universe and an 

ultimate source of everything. It enables us to act, feel, learn, create, 

remember and change over the lifetime. The brain has been helping us to 

understand who we are and the universe we live in. Eventually, the brain 

will allow us to untangle the mystery of the brain itself.    

    The human brain is made up of about 100 billion building blocks, called 

neurons which are the primary signaling cells, each of which communicate 

via axons and dendrites with thousands of other brain cells through plastic 

synapses. Besides neurons, the brain also contains glia cells that constitute 

between 33 and 66% of the total brain mass and support neurons in different 

ways (Herculano‐Houzel, 2014; Jäkel and Dimou, 2017). The brain 

displays enormous diversity ranging from gene expression and proteomics 

up to the system level. There is a huge number of different neurons in the 

brain and scientists are still discovering new types. Those neurons 

demonstrate broad morphological and electrophysiological diversity, so 

called morpho-electrical types, across and within brain regions which 

might be crucial for optimal neural coding (Zeng and Sanes, 2017). Besides 

that, synaptic responses also vary due to the probabilistic nature of every 

release site and there are many different types of synapses. Therefore, no 
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two of us are exactly alike which might be the most powerful and beautiful 

characteristic of humans in general. There are still many essential and 

unanswered questions ahead, such as the origin of intelligence and 

creativity, which require the joint effort of experimental work, theory and 

simulations in order to be tackled in a proper way.      

As long as our brain is a mystery, the universe, the reflection of the 

structure of the brain will also be a mystery. 

Santiago Ramón y Cajal 

 

1.2 Scope of the thesis  

During my PhD studies, I have been involved in the projects (six published 

and peer reviewed papers) aiming to elucidate the complex nature of the 

cortico-striatal interactions. The striatum is the input stage of the basal 

ganglia, a collection of subcortical structures considered to be involved in 

action selection, decision making, and implicated in many motor and 

cognitive disorders (section 2.2). The striatum is a recurrent inhibitory 

network, and how it responds to cortical inputs has crucial importance for 

clarifying the overall functions of the basal ganglia. Each of the projects 

separately resulted in two papers (section 1.3).  

• Project Ⅰ (Paper Ⅰ & Ⅱ). The aim here was to analyze in vivo data 

recorded in rats (local field potentials recorded in primary motor cortex 

and sensorimotor striatum) in order to investigate information 

processing between cortex and striatum during different states (healthy, 

Parkinson’s disease, L-Dopa induced dyskinesia). We analyzed the 

spectral characteristics of the obtained signals and observed that during 

dyskinesia the most prominent feature was a relative power increase in 

the high gamma frequency range at around 80 Hz, while for the 

parkinsonian state it was in the beta frequency range. We showed that 

during both pathological states effective connectivity in terms of 

Granger causality was bidirectional with an accent on the striatal 

influence on the cortex. In the case of dyskinesia, we also found a high 

increase in the effective connectivity at 80 Hz. In order to further 

understand the 80-Hz phenomenon, we performed cross-frequency 

analysis and observed characteristic patterns in the case of dyskinesia 

but not in the case of the parkinsonian state or the control state. We 

noted a large decrease in the modulation of the amplitude at 80 Hz by 
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the phase of low frequency oscillations (up to∼10Hz) across both 

structures in the case of dyskinesia. This may suggest a lack of coupling 

between the low frequency activity of the recorded network and the 

group of neurons active at∼80Hz. Besides that, in healthy rats we 

observed dominance of the power spectrum during the rest state over 

the active state up to a certain frequency, at which the active state 

started to dominate.  

• Project Ⅱ (Paper Ⅲ & Ⅳ). In this project, to identify mechanisms 

underlying the propagation of the cortical oscillatory drive to striatum, 

we developed a spiking neuronal network model consisting of medium 

spiny neurons and fast spiking interneurons. Network oscillations are 

ubiquitous across many brain regions. In the basal ganglia, oscillations 

are also present at many levels and a wide range of characteristic 

frequencies have been reported to occur in both health and disease. The 

striatum receives massive glutamatergic inputs from the cortex and is 

highly susceptible to cortical oscillations. However, there is limited 

knowledge about the exact nature of this routing process and therefore, 

it is of key importance to understand how time-dependent, periodic 

external stimuli propagate through the striatal circuitry. Our results 

showed that fast spiking interneurons, despite their normally 

uncorrelated firing, might have an important role in the transfer of 

oscillations onto the medium spiny neuron population. Further, we 

have identified multiple factors that influence the transfer of 

oscillations to MSNs. The variables such as the number of activated 

neurons, ongoing activity, connectivity, and synchronicity of inputs 

influence the transfer of oscillations by modifying the levels of 

feedforward and feedback inhibitions. These results suggest that the 

propagation of oscillatory inputs into the medium spiny neuron 

population is most efficient if it is indirect, through the fast-spiking 

interneurons. Therefore, pharmaceuticals that target fast-spiking 

interneurons may provide a novel treatment for regaining the spectral 

characteristics of striatal activity that correspond to the healthy state. 

Finally, we have been studying interactions in the striatal network with 

different oscillation frequencies. Our results showed that features of 

these oscillations and their interactions could be influenced via the 

amplitude, input frequencies, and the phase offset between different 

external inputs. 

• Project Ⅲ (Paper Ⅴ & Ⅵ). The goal of this project was to better 

understand how the striatum processes time-critical cortical inputs, 
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called neuronal avalanches (bursts of neuronal activity whose size 

distribution follows a power law). Recording in the striatum revealed 

that striatal activity was also characterized by spatiotemporal clusters 

that followed a power law distribution albeit with significantly steeper 

slope, i.e., lacked large spatial clusters that are commonly expected for 

avalanche dynamics. To understand what controls the striatal LFP 

statistics observed in experiments, we developed abstract models of the 

cortico-striatal network. First our model revealed that one particularly 

high activation threshold of striatal nodes can reproduce the power law-

like distribution with a coefficient similar to the one found 

experimentally. Further, we extend our model in order to explore the 

role of intrastriatal inhibition and increased cortical activity in shaping 

striatal responses to cortical neuronal avalanches. By changing the ratio 

of excitation and inhibition in our cortical model, we saw that increased 

activity in the cortex strongly influenced striatal dynamics, which was 

reflected in a less negative slope of cluster size distributions in the 

striatum and increased firing of striatal nodes. Lastly, when we added 

inhibition to our model, cluster size distributions had a prominently 

earlier deviation from the power law distribution (lower probability for 

large events) compared to the case when inhibition was not present. 

Further, intrastriatal inhibition shapes the striatal cluster size 

distribution by reducing the firing rate and duration of clusters. 
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Chapter 2  

Biological Background  

Nothing in life is to be feared, it is only to be understood. Now is the time 

to understand more, so that we may fear less.  

 

Marie Curie 

2.1 Cortex 

The cortex is a complex structure which occupies almost 80% of the human 

brain and has main importance for behavioral control (Abeles, 1991). The 

cortex is also the key seat of higher brain functions, such as perception and 

cognition where cortical axonal pathways connect structurally segregated 

areas and form a densely interconnected network (Bechara et al., 2000; 

Öngür and Price, 2000; Honey et al., 2007; Shipp, 2007; Hagmann et al., 

2008). 

    The cortex contains hundreds of different neuronal cell types 

(Kawaguchi, 1993; Markram et al., 2004; Molyneaux et al., 2007) that can 

be broadly separated into two classes: pyramidal cells, the cortical 

projection neurons, and interneurons, which make local connections. The 

pyramidal cells are the principal cells of the cortex (70%-80%). They are 

excitatory and characterized by relatively uniform shapes with apical and 

basal dendrites (McCormick et al., 1985). Pyramidal neurons project to the 

ipsilateral/contralateral cortex and to the other regions of the brain. 

Interneurons, that are mostly inhibitory cells, represent the remaining 20%-

30% of cortical neurons (Kawaguchi and Kubota, 1997; Markram et al., 

2004). They show morphological diversity that is believed to be crucial for 

optimal brain functioning (Moore at al., 2010). Several groups of cortical 

interneurons have been identified: parvalbumin expressing fast spiking 

interneurons (FSIs), basket cells, chandelier cells, neurogliaform cells, 

Martinotti cells, bipolar cells, double bouquet cells, bitufted cells (Markram 

et al., 2004).  

    Although the cortical sheet has been divided into 52 

cytoarchitectonically separate parts (Roland and Zilles, 1998), most of the 

cortical microcircuits look very similar which might direct common 
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principles undergoing computation within all cortical areas. The cortex is 

also organized as a complex six layered structure that further connects to 

different cortical and subcortical regions in an exact manner (Jones and 

Powell, 1970; Öngür and Price, 2000; Hagmann et al., 2008).  

    Four different modes of population activity have been identified in 

cortex: oscillations, synchrony, waves, and neuronal avalanches (Beggs 

and Plenz, 2003).  

2.1.1 Oscillations 

Neural oscillations are ubiquitous across many brain regions and a principal 

feature of cortical networks is their susceptibility to oscillatory activity at 

multiple frequency bands (Buzsáki and Draguhn, 2004; Buzsáki, 2006). 

These oscillations reflect electrophysiological signals produced by a large 

ensembles of neurons, and are proposed to play a role in flexible 

coordination and integration of activity within and between cortical areas 

at different spatial and temporal scales (Fries, 2005; Sejnowski and 

Paulsen, 2006; Baker, 2007). Oscillatory brain activity is modulated by the 

behavioral states and altered oscillations have been associated with 

different neuropsychiatric disorders (Uhlhaas and Singer, 2006; Uhlhaas et 

al., 2008). Cortical oscillations are also thought to contribute to 

representation, flow, storage and retrieval of information in neural circuits 

(Gerstner et al., 1993, Baker et al., 1999; Başar et al., 2001; Engel et al., 

2001; Schaefer et al., 2006; Maris et al, 2016). 

    Neuronal oscillations have been characterized and studied intensively for 

more than 80 years. Hans Berger (1873-1941) recorded rhythmic brain 

activity on the scalp of healthy participants and established nomenclature 

to depict and categorize different oscillatory patterns (Gloor, 1969). These 

oscillations are divided in five major frequency bands, the delta (0-3 Hz), 

the theta (4-7), the alpha (8-12 Hz), the beta (12-30 Hz), and the gamma 

(>30 Hz) and there is also more subtle subdivision within each band. 

Oscillations in the delta band show an increase during performance of 

different mental tasks, such as semantic tasks in children (Harmony, 2013). 

The theta oscillations have been related to different memory processes 

(Albouy et al., 2017) and the alpha activity shows strong correlation with 

cognitive performance and information processing (Başar et al., 1997; 

Klimesch, 1999; Erbil and Ungan, 2007). The beta oscillations have been 

involved in large scale coordination of neural activity and a variety of 

different cognitive tasks, such as learning (Kristeva et al., 2007; Engel and 

Fries, 2010). The gamma oscillations occur in the cortex of many species 

and are thought to provide a temporal structure for information processing 
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in the brain (Canolty et al., 2006). They are enhanced during the states of 

high alertness and attention (Tiesinga and Sejnowski, 2009). The gamma 

activity contributes also to cognitive functions (e.g. storage and recall of 

information, associative learning, feature recognition and language 

processing) and serves as a hallmark of neurological and psychiatric 

diseases (Başar et al., 2001; Cheyne et al., 2008; Miller et al., 2008).  

    Oscillations may interact with each other in the way that the amplitude 

of high frequency activity occurs at a particular phase of a low frequency 

band, which has been reported to happen in the cortex (Jensen and Colgin, 

2007; Cohen et al., 2009). Such cross-frequency coupling has been 

proposed to coordinate neural dynamics across different scales (Canolty 

and Knight, 2010; Aru et al., 2015). It has also been suggested that the 

activity of larger neuronal populations oscillates at lower frequencies and 

that smaller ensembles are active at higher frequencies. Cross-frequency 

coupling may, therefore, serve as a mechanism for the transfer of 

information from large-scale brain networks operating at the behavioral 

time scale to the smaller group of neurons operating at a faster time scale. 

    The generation of oscillatory activity has been thought to depend on the 

activity of GABA (γ-aminobutyric acid)-ergic interneurons that interact 

with each other to efficiently control spike timing on a millisecond 

timescale (Whittington and Traub, 2003). For instance, it has been shown 

that cortical fast spiking interneurons have a key role in the generation of 

the gamma oscillations (Bartos et al., 2007; Cardin et al., 2009).               

2.1.2 Synchrony 

Synchrony is defined as correlated discharges of action potentials from two 

or more neurons over a millisecond timescale (Singer, 1999). Therefore, 

synchrony can define relationships among neurons with very high precision 

and it has been shown that the degree of synchrony varies with stimulus 

characteristics (Baker et al., 2001; Uhlhaas et al., 2009). Different features 

of an object are processed in parallel in distinct areas of the cortex and 

synchronization of activity across many neurons has been proposed as a 

mechanism to organize and bind those neurons into functional assemblies 

relevant for large scale integration of the neural activity (Singer and Graz, 

1995; Baker et al., 2009; Bruno, 2011). Further, synchrony facilitates the 

propagation across sparsely connected networks and increases the salience 

of signals (Uhlhaas and Singer, 2006). It has been also proved relevant for 

different cognitive functions such as working memory or attention (Engel 

et al., 2001; Uhlhaas et al., 2009). Schizophrenia, epilepsy, autism and 

Alzheimer’s disease have been associated with abnormal synchronization 
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in the cortex often accompanied by oscillations (Uhlhaas and Singer, 2006; 

Uhlhaas et al., 2008).      

2.1.3 Waves 

In the last century, a large number of research studies have been dedicated 

to the phenomenology of brain waves which have been observed across 

olfactory, visual, visuomotor, somatosensory, and motor areas of the cortex 

in many species as well as various brain states and stimulation conditions 

(Rubino et al., 2006; Muller and Destexhe, 2012). These diverse 

observations suggest that brain waves are an ubiquitous feature of the 

brain’s activity. In a standing wave, activity involves a fixed set of neurons 

whose responses all follow the same time course (Bennuci et al., 2007). In 

a traveling wave, activity starts at the neurons that are best tuned for the 

stimulus and progressively moves to include a different set of neurons, and 

an important feature of ongoing activity seems to be the presence of 

traveling waves (Ermentrout and Kleinfeld, 2001; Bennuci et al., 2007; 

Muller and Destexhe, 2012). Traveling waves are dampened with distance, 

suggesting that this activity is indeed due to intercortical connections. 

These waves provide subthreshold depolarization to individual neurons, 

increase their spiking probability, and they also control network gain for 

incoming stimulation (Rubino et al., 2006; Wu et al., 2008; Sato et al., 

2012).  

2.1.4 Neuronal avalanches 

Earthquakes, landslides, and forest fires are examples for systems in which 

local events can propagate over long distances forming extended cascades 

(Bak, 1996). Cascade sizes are described by power laws that express one 

variable as a function of another raised to a power, 𝑓(𝑥)~𝑥𝛼(𝛼 ≠ 0), 
where 𝑓(𝑥) denotes the probability of an event of size 𝑥. An interesting 

feature of power laws is that they show no characteristic scale, and when 

plotted in log-log coordinates they produce a straight line with a 

characteristic slope (α) for that system. Complex systems generally, at the 

transition between order and disorder, exhibit scale-free dynamics, 

therefore given an event of size 𝑥, an event double that size will occur 

2𝛼  times less often, independent of 𝑥. 
    Power laws have been found in the brain in the temporal organization of 

channel openings, the interval distribution, spike trains, local amplitude 

fluctuations of the human electroencephalogram, and as a type of 

spontaneous activity called neuronal avalanches (Teich et al., 1997; Toib 

et al., 1998; Linkenkaer-Hansen et al., 2001; Beggs and Plenz, 2003; Plenz 
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and Thiagarajan, 2007). Neuronal avalanches are activity cascades with 

statistical properties expected from a network operating near a critical point 

and they were first detected in vitro by recording local field potentials 

(LFPs) in cortical neural networks using slices of rat cortex as well as 

cultured networks (Beggs and Plenz, 2003). It was observed that the sizes 

of these events (clusters), where the size was determined by the number of 

participating electrodes during each single activity burst, were distributed 

according to a power law with a characteristic exponent of -1.5. The bursts, 

lasting tens of milliseconds, were separated by periods of quiescence 

lasting several seconds. In such a network, neural activity at one site 

triggers, on average, similar activity at another site and therefore the overall 

activity does not increase or die out over time as a result of balanced activity 

propagation. Pharmacological manipulations which disturb excitatory and 

inhibitory synaptic transmission ratio also abolish the power law 

distribution.  

    Since then, neuronal avalanches have been reported in vivo and revealed 

to display long-term stability, diversity and fast propagation of local 

synchrony (Beggs and Plenz, 2004; Gireesh and Plenz, 2008; Petermman 

et al., 2009). Neuronal avalanches have been shown to be the emerging 

dynamics at which various measures important for cortical information 

processing are maximized, such as dynamic range, burst pattern entropy 

and phase synchronization variability (Shew et al., 2009; Shew et al., 2011; 

Yang et al., 2012). It has been also proposed that this type of activity 

reflects the transient formation of cell assemblies in the cortex (Plenz and 

Thiagarajan, 2007).     

2.2 Basal ganglia 

The cortical layer V sends efferent projections to the basal ganglia (BG), 

the largest subcortical system in the brain which further integrates it to 

achieve optimal behavioral control. The BG process information from most 

parts of the cortex (including premotor, motor, sensory, association and 

limbic areas), thalamic nuclei, amygdala and hippocampus and employ 

inhibition over the brainstem and the thalamocortical network (Kandel et 

al., 1991). Inputs to the BG are thought to be excitatory and glutamatergic, 

although a recent study has demonstrated that dorsal striatum receives also 

GABAergic projections from the cortex (Rock et al., 2016).  

    Intensive interest in the BG started in the nineteenth century when they 

were related to movement control for the first time. After that BG have 

been considered crucial in action selection, cognitive processes, 
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motivational and habitual control, attention, visual perception, memory and 

learning (Graybiel, 1995; Brown et al., 1997; Redgrave et al., 1999; 

Graybiel, 2005; Grillner et al., 2005; Wilson, 2013). 

2.2.1 Basal ganglia architecture 

The four principal components of the BG are the striatum, the globus 

pallidus (pallidum), the substantia nigra, and the subthalamic nucleus 

(Kandel et al., 1991; Parent and Hazrati, 1995; Lanciego et al., 2012). 

These nuclei are immensely interconnected and can be broadly categorized 

as input nuclei and output nuclei.     

• The striatum, the largest subcortical brain structure in the mammalian 

brain, is the major recipient of inputs to the BG and comprises the 

caudate nucleus, the putamen, and the ventral striatum (which includes 

the nucleus accumbens). Its neurons project further to the output nuclei, 

globus pallidus and substantia nigra. Although the striatum appears 

homogeneous, the use of specific immunohistochemical markers point 

out to two different compartments or patches: matrix and striosome 

(Parent and Hazrati, 1995). The matrix compartment receives its inputs 

mainly from sensory and motor cortical areas, whereas the striosome 

compartment gets inputs from the limbic cortex. 

• Besides the striatum, the subthalamic nucleus is yet another key site 

for cortical and thalamic inputs to the BG. The glutamatergic cells of 

this nucleus are the only excitatory projections of the BG. The 

subthalamic nucleus is a relatively small nucleus with densely packed 

neurons that project to the globus pallidus and substantia nigra.  

• The globus pallidus is divided into external (GPe) and internal 

segments (GPi). GPi is an output part of the BG and sends inhibitory 

GABAergic inputs to the thalamus and several brain stem nuclei. GPi 

neurons fire tonically at a high rate to inhibit their targets. Recently it 

has been suggested that neurons in the GPi-thalamus operate in 

rebound, gating, or entrainment mode depending on their excitability 

(Goldberg et al., 2013). GPe is an intrinsic segment which is 

reciprocally connected to the striatum as well as the subthalamic 

nucleus, and sends also projections to output parts of the BG (GPi and 

substantia nigra).  

• The substantia nigra encompasses group of neurons located in 

midbrain and divided into two very different segments: pars reticulata 

(SNr) and pars compacta (SNc). The SNr, analog to GPi, projects to 

the thalamus and several brain stem nuclei. In contrary, SNc cells are 
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densely packed tonically active dopaminergic neurons which also 

contain dark pigment derived from oxidized and polymerized 

dopamine. SNc projects massively to the striatum where dopaminergic 

inputs modulate cortico-striatal transmission, contribute to the 

sensorimotor coordination and influence the impact of reward related 

stimuli.    

    The striatum projects to the output nuclei via direct and indirect 

pathways. Striatal neurons that project directly to the output nuclei have D1 

dopamine receptors that facilitate transmission, while those that project in 

the indirect pathway have D2 receptors that reduce transmission (Kandel et 

al., 1991; Wichmann and DeLong, 1996). The activity of the direct pathway 

is conveyed to the output nuclei (GPi and SNr) through monosynaptic 

GABAergic projections. The indirect pathway projects first to GPe and 

from there to the subthalamic nucleus (GABAergic pathways) that further 

send excitatory inputs into output nuclei. Therefore, the direct pathway 

provides positive feedback which releases the thalamus from the tonic 

inhibition of the output nuclei, while the indirect pathway provides 

negative feedback and increases inhibition of the thalamus. However, a 

recent study has demonstrated that direct pathway activation evoked 

inhibitory and excitatory effects in different SNr cell populations, while 

indirect pathway activation produced rapid, but depressing, excitation of a 

subset of neurons, followed by slower onset inhibition in a different 

population of cells (Freeze et al., 2013). Although the direct and indirect 

pathways within BG are very prominent, they are far away from being the 

only important pathways within BG.  

2.2.2 Basal ganglia related diseases  

Dysfunction of the BG circuitry leads to many motor and cognitive 

disorders such as Parkinson’s disease (PD), L-dihydroxyphenylalanine (L-

DOPA) induced dyskinesia, Tourette’s syndrome, Huntington’s 

disease, impulsive and compulsive behaviors, and schizophrenia (Albin et 

al., 1989; DeLong, 1990; Wichmann and DeLong, 1996). Hypokinetic 

disorders are characterized by impaired initiation of the movements, 

whereas hyperkinetic disorders are characterized by excessive motor 

activity. Significant progress has been made in understanding the 

mechanisms underlying BG related diseases. 

• Parkinson’s disease, first described by James Parkinson in 1817, is the 

most common movement disorder. It is observed in ∼1% of the 

population over the age of 60, with double rates of occurrence for 

males. PD develops gradually, sometimes starting with a barely 
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noticeable tremor in just one hand, but with the course of time other 

symptoms such as increased muscle tone (rigidity), akinesia (impaired 

initiation of movements), bradykinesia (reduced amplitude and 

velocity of voluntary movements), impaired balance, and a shuffling 

gate also appear (Kandel et al., 1991). PD is the first example of a brain 

disorder resulting from a deficiency of a single neurotransmitter. 

Namely, Oleh Horynekiewicz found that the striatum (most severely 

the putamen) of patients with PD is deficient in dopamine. 

Subsequently, PD was shown to result largely from the degeneration of 

dopaminergic neurons in the SNc. Hypokinetic features of Parkinson 

disease appear to result from the increased activity in the indirect 

circuitry, leading to overstimulation of the GPi/SNr due to increased 

drive from the subthalamic nucleus. At the same time, reduced 

dopamine inputs would lessen the activation of the direct pathway. PD 

is also associated with oscillations and increased synchrony of neural 

activity in the BG (Bergman et al., 1998; Brown, 2002; Hammond et 

al., 2007). Surgical destruction of the pallidum in PD patients and high-

frequency deep brain stimulation (DBS) of the subthalamic nucleus 

effectively improve the hypokinetic features associated with PD 

(Marsden et al., 1994; Anderson et al., 2005).           

• Walter Brikmayer and Horynekiewicz found that intravenous 

administration of L-DOPA, the precursor of dopamine, provided a 

dramatic reversal of symptoms (Kandel et al., 1991; Lees et al., 2015). 

Although dopamine replacement therapy with L-DOPA is still 

considered the gold standard, within 5 years of starting the treatment, 

up to 80% of patients will experience severe side effects and develop 

L-DOPA induced dyskinesia characterized by abnormal involuntary 

movements (Bezard et al., 2001; Fabbrini et al., 2007; Thanvi et al., 

2007; Pisani and Shen, 2009). L-DOPA induced dyskinesia is believed 

to result from abnormal plasticity in the dopaminoceptive brain regions 

(Cenci and Konradi, 2010) although the neural mechanisms underlying 

it are unfortunately still far from clear. Therefore, animal models are 

crucial to study L-DOPA induced dyskinesia and develop potential 

new therapies (Cenci et al., 2002; Nadjar et al., 2009). 

• Tourette’s syndrome (TS) is characterized by involuntary, 

stereotyped, repetitive movements. The fundamental features of TS are 

motor and vocal tics that usually begin between the ages of 3 and 8 

years with periods of intense eye blinking or some other facial tics 

(Leckman, 2002). The most severe forms of TS arise in adulthood and 

involve self-injurious motor tics. The frequency of the disorder is 
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estimated to be between 31 and 157 cases per 1000 in children aged 

13-14 years. TS has a strong heritable component and many 

neuroimaging studies have associated alterations in the BG nuclei with 

TS (Albin and Mink, 2006). Particularly, disrupted dopaminergic and 

serotonergic innervation of the striatum are thought to be main causes 

of TS.  

• Huntington’s disease (HD) is a heritable hyperkinetic disorder that 

has been traced to a single gene and with the onset of the disease that 

usually occurs in the third to fifth decade of life (Kandel et al., 1991). 

In HD motor symptoms vary from chorea (jerky, uncontrolled 

movements) in early stages to akinesia in later stages, but symptoms 

also include depression, anxiety, irritable or aggressive behavior, and 

apathy. There is a vast variability in the types of behavioral symptoms 

present in different HD patients (Tippett et al., 2006), documented even 

in the cases of monozygotic twins. HD is also characterized by 

widespread loss of neurons in the cortex and BG, and the most obvious 

pathological changes are found in the striatum (André et al., 2011). It 

has been demonstrated that principal striatal GABAergic neurons that 

project to the GPe tend to degenerate most prominently.  

• Impulsive and compulsive behaviors (ICBs) are a heterogenous 

group of neurobehavioral disorders that are increasingly recognized in 

patients with PD (around 3-4% of PD patients). The symptoms include 

aggression, insulting gestures, paranoia, phobias, impulsiveness, and 

pathological gambling. Dysregulation of various neurotransmitters 

such as dopamine and serotonin have been though to play an important 

role in ICBs (Weintraub et al., 2006; Stamey and Jankovic, 2008). The 

observations of withdrawal symptoms when PD patients interrupted 

regular L-DOPA intake or decreased a dose, suggest that it is the drug 

that leads to the symptoms common for ICBs. However, adjustment of 

the L-DOPA dose induces severe motor disorder, depression, and 

anxiety.  

• Schizophrenia is one of the most common and devastating mental 

disorders that affects 1% of the world population. The disease 

manifests itself with positive, psychotic symptoms (hallucinations, 

disorganized thoughts, and delusions) and negative, deficit symptoms 

(poverty of speech, loss of drive, affect; Perez-Costas et al., 2010). The 

symptoms usually appear in early adulthood and risk factors include 

interplay between multiple genes and environment. The BG are 

critically involved in the pathophysiology of the disorder. Increases in 
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the total volume of the BG and an important role of dopamine have 

been reported in schizophrenia during various task states and resting 

state (Mamah et al., 2007; Perez-Costas et al., 2010). The striatum has 

been considered as a site of action of antipsychotic drugs and 

postmortem studies in subgroup of schizophrenic patients have shown 

a 10% decrease in cell number in the caudate nucleus and putamen 

(Duan et al., 2015).       

2.3 Striatum 

The striatum is a heterogeneous inhibitory network that receives inputs 

from the entire cortex and several subcortical structures, and at the same 

time projects to other BG nuclei (Yelnik, 2002). The foremost of the inputs 

to the striatum are excitatory in nature, although inhibitory cortical inputs 

should not be neglected (Rock et al., 2016). Individual striatal neurons do 

not act independently to affect population activity and understanding their 

interactions and the functional roles will bring us closer to regaining and 

understanding the characteristics of striatal activity that correspond to the 

healthy state (Tepper and Plenz, 2006; Gittis and Kreitzer, 2012). 

2.3.1 The neuron types  

The striatum is composed of projection neurons and local interneurons 

where the projection neurons outnumber vastly interneurons. All the cell 

types so far identified in the striatum are GABAergic, with the exception 

of the cholinergic neurons (Tepper et al., 2004; Wilson, 2007).    

• Medium spiny neurons (MSNs) form the only output from the 

striatum. They have a medium sized cell body (12-20 µm) and 

coexpress many neuroactive peptides such as substance P, enkephalin 

and dynorphin, besides GABA as their main neurotransmitter (Besson 

et al., 1990; Gerfen et al., 1991; Kawaguchi, 1993; Tepper et al., 2004). 

MSNs are estimated to make up to 95% of all striatal neurons in rodents 

(Oorschot, 1996). The membrane potential of the MSNs fluctuates 

between a relatively hyperpolarized (down) state and a relatively 

depolarized (up) state (Plenz and Kitai, 1998). They fire at a very low 

rate < 2 Hz during the resting state and up to 25 Hz when an animal is 

active. These neurons have extensive local axon collaterals and it has 

been estimated that there are approximately 2840 MSNs located within 

the volume of the dendrites of one medium spiny cell (the radius of 

their axonal and dendritic arborisation are both around 200 µm; 

Kincaid et al., 1998). MSNs are also divided into two classes that are 
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present in approximately equal proportions. The neurons of the first 

class, usually called the direct pathway MSNs, express dopamine D1 

receptors and project directly to BG output nuclei. In contrary, the 

neurons of the second class, termed as the indirect pathway MSNs, 

express D2 receptors and project indirectly to BG output nuclei via the 

GPe and the subthalamic nucleus.  

• Fast spiking interneurons (FSIs) may be distinguished by their 

expression of the calcium-binding protein parvalbumin and they are by 

far the best described GABAergic interneurons. FSIs also belong to the 

class of cells that exist in other brain regions including the cortex and 

the hippocampus (Tepper et al., 2004). These interneurons comprise 1-

2% of striatal neurons and have similar properties throughout the 

striatum (Tepper and Bolam, 2004). Further, they are characterized by 

a high spontaneous firing rate in vitro and in vivo where sufficiently 

strong stimuli can evoke sustained firing at rates > 100 Hz (10-15 Hz 

during the resting state) but even neighboring FSIs show uncorrelated 

activity most of the time (Berke, 2011). FSIs have been thought to play 

one of the most prominent role in control of behavior and deficit in 

FSIs has been also reported in Tourette syndrome (Gittis and Kreitzer, 

2012).  

• Persistent and low-threshold spike (PLTS) interneurons encompass 

around 1-2% of all striatal neurons and show low plateau 

depolarization in response to current injection (Gittis and Kreitzer, 

2012). They belong to the group of neuropeptide Y (NPY) expressing 

cells but also co-express somatostatin and nitric oxide. NPY-PLTS are 

also characterized with the sparse and extended axonal and dendritic 

arborizations. In addition, a novel electrophysiologically, 

neurochemically and morphologically distinct subtype within this 

population has been discovered comprising 20% of NPY-PLTS 

(Ibáñez-Sandoval et al., 2011). These cells have the 

electrophysiological properties of neurogliaform cells (NGF) and this 

inhibitory circuit is activated by synchronously firing cholinergic 

interneurons (English et al., 2012; Assous et al., 2017).    

• Large aspiny cholinergic interneurons provide the sole source of 

acetylcholine (ACh) to the striatum and comprise around 2% of all 

striatal neurons. These neurons have large cell bodies (50-60 µm) and 

exhibit broad action potentials (Tepper and Plenz, 2006). Cholinergic 

interneurons are tonically active (spike in the absence of synaptic 

activity) at about 5 Hz on average (in the range 3-9 Hz) providing 
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ongoing ACh (Bennett and Wilson, 1999) and their interactions with 

dopamine are critical for normal striatal function. In the case of PD an 

increased release of ACh caused by diminished dopaminergic signaling 

has been observed, whereas in HD there is a fall in ACh level (Pisani 

et al., 2007; Gittis and Kreitzer, 2012).    

2.3.2 Intrastriatal circuitry 

Two of the most examined sources of GABAergic inhibition into MSNs 

are the feedback inhibition (FB) from the axon collaterals of the MSNs 

themselves, and the feedforward inhibition (FF) via the FSIs (Plenz, 2003; 

Tepper and Bolam, 2004; Tepper and Plenz, 2006). Each MSN receives 

inputs from ~475 other MSNs (the connectivity is between 12-18%) where 

reciprocity of synaptic connections between MSNs is rarely observed 

(Tepper et al., 2004). Direct and indirect pathway MSNs differ also in their 

mutual and recurrent connectivity (Taverna et al., 2008), which has been 

suggested to turn the striatal network into a threshold device (Bahuguna et 

al, 2015). Besides the sparse connectivity, unitary connections between 

MSNs are also weak (Tepper et al., 2004), although collective FB inhibition 

from thousands of MSNs due to their large number can generate substantial 

inhibition (Chuhma et al., 2011, Lindahl and Hellgren Kotaleski, 2016) 

which can play a key role in the formation of cell assemblies (Carrillo-Reid 

et al., 2008). Furthermore, MSNs mainly project onto the dendrites of other 

MSNs to control local excitability. In contrary, FF inhibition via the FSIs 

is powerful and widespread (Bennett and Bolam, 1994; Mallet et al., 2005; 

Tepper et al., 2008). Spiking in a single FSI is capable of significantly 

delaying spike generation in a large number of postsynaptic MSNs. High 

firing rate and uncorrelated spiking of FSIs may further amplify their 

impact on MSN activity (Klaus et al., 2011). FSIs mainly project onto the 

MSN soma and it has been estimated that each MSN receives inhibitory 

inputs from between 4 and 27 FSIs (Koós and Tepper, 1999). FSIs target 

both the direct and indirect pathway MSNs, although preferentially MSNs 

that constitute the direct pathway (Gittis et al., 2010; Planert et al., 2010). 

During dopamine depletion the main targets of FSIs are indirect pathway 

MSNs (Gittis et al., 2011). FSIs are also interconnected by gap junctions 

(the coupling ratio ranges between 3 and 20%), but it has been predicted 

that the synchronization effects due to gap junctions are quite low when 

they fire at moderate intensity (Hjorth et al., 2009). Besides MSNs, FSIs 

also form GABAergic synapses onto other FSIs, although significantly 

lower compared to those targeting MSNs but with higher reciprocity (Gittis 

et al., 2010). It also appears that FSIs are target selective, inhibiting MSNs 
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(and other FSIs) while sparsely targeting PLTS and avoiding cholinergic 

interneurons (Szydlowski et al., 2013). PLTS interneurons are also known 

to inhibit MSNs, and their output is relatively weak and sparse (Gittis et al., 

2010) but in a dopamine depleted state their impact might be significant. In 

contrary, NGF cells are connected to MSNs with connection probability 

>86% and they give rise to long-lasting inhibitory postsynaptic currents 

(Ibáñez-Sandoval et al., 2011). Striatal NGF are activated via synchronous 

input from cholinergic interneurons (English et al., 2012; Assous et al., 

2017). Further, ACh modulates a number of voltage-gated channels in 

MSNs but does not directly excite them. Cholinergic interneurons innervate 

FSIs as well and increase their excitability (Koós and Tepper, 2002).               

2.3.3 Cortico-striatal projections 

The striatum is a recipient of massive glutamatergic inputs from both 

hemispheres and multiple cortical areas. The cortex sends direct projections 

to the striatum, while the striatum can only indirectly affect the cortex 

through other BG nuclei and the thalamus. These projections are 

characterized by a large level of convergence-divergence and originate 

from different subtypes of pyramidal neurons which might play a central 

role in multisensory integration and control of the information flow within 

BG-cortex circuitry (Reig and Silbeberg, 2014). There are up to 10000 

glutamatergic synapses on each MSN and the vast majority of those inputs 

(~90%) are targeting exclusively dendritic spines (Kincaid et al., 1998; 

Zheng and Wilson, 2002). Furthermore, anatomical evidence suggest that 

neighboring MSNs receive only a small portion (1.5%) of shared cortical 

inputs that has been shown optimal for the overall signal representation in 

the striatal network (Yim et al., 2011). FSIs receive strong cortical inputs 

from a wider range of distinct cortical areas that differ from the cortical 

inputs into MSNs in that single cortical axons make multiple contacts with 

FSIs (Berke, 2011). In addition, FSIs are more sensitive to cortical inputs 

and weak cortical stimuli in contrast to MSNs can elicit burst firing in FSIs. 

PLTS interneurons receive just a few excitatory synaptic inputs onto their 

distal dendrites but with a higher release probability compared to FSIs 

(Tepper et al., 2010). Cortical stimulation of PLTS interneurons elicits also 

a large plateau depolarization. NGF cells are silent in the absence of 

stimulation and cortical inputs have been shown ineffective in forcing them 

to emit spikes (English et al., 2012). There may be also cortical inputs into 

cholinergic interneurons that are very sparse and restricted to the distal 

dendrites. ACh modulates long-term synaptic changes of cortico-striatal 

synapses, as well as dopamine, in a dynamic manner (Tepper and Plenz, 
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2006; Nair et al., 2015). Recently it has been found that the cortex sends 

also inhibitory projections onto MSNs of both pathways (Rock et al., 2016). 

In conclusion, understanding the complex nature of cortico-striatal 

interactions (both excitatory and inhibitory) is crucial for untangling 

functions of the BG.  

2.3.4 Oscillations in the striatum 

In the BG, oscillations are also present at many levels and a wide range of 

characteristic frequencies have been reported to occur during both health 

and disease (Boraud et al., 2005; Gatev et al., 2006). Therefore, there is a 

great interest in understanding the origin and modulation of oscillatory 

activity in the BG. LFP recordings in the striatum, both in the primates and 

in rodents, have shown robust oscillatory activity when animals are alert 

and behaving (Masimore et al., 2003; Berke et al., 2004; Boraud et al., 

2005; Sharott et al., 2015; Halje et al., 2012; Belić et al., 2016). It has also 

been observed that striatal oscillations can be modulated with different 

behavioral states. Low frequency oscillations (2-10 Hz) are detected in the 

striatum under certain conditions as well as high gamma oscillations (35-

100 Hz). In PD, exaggerated beta oscillations (13-30 Hz) have been 

reported throughout various BG nuclei, including the striatum (although 

striatal activity during healthy inactive state is also characterized by a slight 

power increase in the beta band; Belić et al., 2015). It has also been 

suggested that PD motor impairments are not related to abnormal 

oscillatory activity (Leblois et al., 2006). While the mechanisms underlying 

the oscillatory activity of the subthalamic nucleus-GPe network are well 

understood (Plenz and Kitai, 1999; Terman et al., 2002; Kumar et al., 

2011), the origin of the oscillations in the striatum is poorly understood. 

Purely inhibitory networks such as the striatum can only generate 

oscillations when recurrent connectivity is dense and strong (Brunel and 

Hakim, 1999). The second possibility is that striatal neurons have 

subthreshold resonance properties and when the network is driven strongly 

enough the oscillations become apparent. The third possibility is that the 

experimentally observed oscillations in the striatum are in fact cortical 

oscillations transmitted by the cortico-striatal projections (Sharott et al., 

2009; Beatty et al., 2015; Belić et al., 2017). Specifically, FSIs fire in 

relation to the cortical gamma (and higher) band oscillations suggesting 

that high frequency cortico-striatal oscillations at the population level 

might be conveyed through these connections (Beatty et al., 2015). In 

contrary, PLTS interneurons fire in relation to the beta band oscillations, 

cholinergic interneurons to the delta band frequencies, whereas MSNs 
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show no frequency preference and they tune to any frequency band by a 

change in firing rate (Beatty et al., 2015).  

Figure 2.1: Experimentally measured discrete (the size of a cluster is 

defined as the number of nLFP deflections; left panel) and continuous (the 

size of a cluster is defined as the absolute sum of nLFP amplitudes; right 

panel) cluster size distributions for the cortex and the striatum. The black 

line indicates a power law with exponent equal to -1.5. 

2.3.5 Striatal processing of cortical avalanches 

Simultaneous LFPs recordings in the cortical and striatal tissue using high-

density microelectrode arrays have indeed shown that striatal neurons 

respond to cortical avalanches originating in superficial layers (Belić et al., 

2015; Klaus and Plenz, 2016). As stated before (section 2.1.4), spontaneous 

neuronal avalanches were characterized by intermittent spatiotemporal 

clusters with a cluster size distribution that followed a power law with 

exponent -1.5. In the striatum, the intermittent spatiotemporal activity was 

found to correlate with cortical avalanches. However, striatal negative LFP 

(nLFP) peaks did not show avalanche signatures, but formed a cluster size 

distribution that had a much steeper drop-off, i.e., lacked large spatial 

clusters that are commonly expected for avalanche dynamics (Belić et al., 

2015). Overall, striatal cluster size distributions were consistent with a 

power law but further analyses pointed to a more negative exponent than 

the one obtained for cortex (Fig. 2.1). The underlying de-correlation of 

striatal activity could have its origin in the striatum through local inhibition 

and/or could result from a particular mapping in the cortico-striatal 

pathway. The difference between cortical and striatal cluster size 
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distributions was significantly smaller in the presence of the GABAA-

receptor antagonist picrotoxin (PTX; Klaus and Plenz, 2016). The bath 

application of PTX generally does not allow distinguishing between the 

cortical and striatal contribution to the increased probability for larger 

striatal activity clusters. 
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Chapter 3  

Materials and Methods 

Oh, you may be sure that Columbus was happy not when he had discovered 

America, but when he was discovering it.  

 

Fyodor Dostoevsky 

 

3.1 Computational modeling  

Can you measure it? Can you express it in figures? Can you make a model 

of it? If not, your theory is apt to be based more upon imagination than 

upon knowledge.   

Lord Kelvin 

Modelling is an essential tool across many disciplines. Full comprehension 

of a complex system, e.g. physical or biological, requires proper 

mathematical formulation of the system. Models can be used to test existing 

hypotheses or to develop new theories. Simulating a model can further help 

us to make sense of complexity by sampling its behavior for a selected set 

of parameters. Computational models exhibit high variability but Occam’s 

razor principle proposes selection of the simplest model that can 

realistically explain the system.  

    In addition, models can be broadly classified into two categories, top-

down and bottom-up models. In a top-down approach, a model is designed 

through particular selection of its components that enable desired 

properties of the model. On the contrary, in the bottom-up approach 

outcomes of interactions between a model’s components are studied.   

3.1.1 Computational neuroscience  

The brain computes and in computational terms does exactly what we want. 

It deals with noisy, high dimensional data from the outside (e.g. visual, 

auditory), encodes/decodes information and produces desired outputs. This 

amazing ~1.5 kg mass of the tissue defines who we are and enables us to 

perceive and interact with the world. Describing and understanding the 

brain functions in computational terms is the ultimate goal of a relatively 



 

24 

 

young field called computational neuroscience. The term computational 

neuroscience appeared in the second half of the eighties as an 

interdisciplinary field that encompasses neuroscience, cognitive science, 

and psychology with electrical engineering, computer science, 

mathematics, and physics. It is common to trace the origin of the field to 

the mathematical model Alan L. Hodgkin and Andrew F. Huxley 

developed of the squid giant axon action potential (Hodgkin and Huxley, 

1952). 

    The models within computational neuroscience can be categorized as 

descriptive models, mechanistic models and interpretative models. 

Descriptive models quantify how neurons encode information (respond to 

external stimuli) and search for answers on how to decode activity of the 

neurons (extract information). Mechanistic models strive to simulate a 

single neuron, a network of neurons or a whole brain on 

computers/supercomputers. It has been also argued that out of all models 

only the mechanistic models can be explanatory (Kaplan and Craver, 

2011). And lastly, the interpretative models try to understand why does the 

brain function in the way it does.  

Theoretical analysis and computational modeling are important tools for 

characterizing what nervous systems do, determining how they function, 

and understanding why they operate in particular ways.  

Peter Dayan & Larry Abbott   

3.1.2 The neuron models  

In computational neuroscience, there is no single model that can encompass 

all data complexity which captures multiple levels of the nervous system’s 

organization from ion channels to behavior. A specific model choice is 

adjusted to a particular data set and/or a question of interest.      

3.1.2.1 An abstract computational model 

An abstract neuronal (point unit/node) model such as the McCulloch and 

Pitts model use a single equation to faithfully represent the studied entity 

(e.g. a population of neurons; Marsland, 2015). The McCulloch and Pitts 

neuron is a binary threshold device that first multiplies each input (𝑥𝑖) and 

its corresponding transmission probability/weight (𝑝𝑖), then adds up all so 

obtained products, and finally decides based on the output of an activation 

function whether the neuron is active or not (McCulloch and Pitts, 1943).  

    We developed an abstract cortico-striatal network model that reproduced 

statistics observed in experimental data explained in Paper Ⅴ and also in 
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the section 3.2.2. The model was extensively utilized in the Paper Ⅴ and 

the Paper Ⅵ. Each node in the model corresponded to one of the recording 

sites in the experiments. The probability that cortical node i was active 

(reached the activation threshold) at time t+1 was equal to: 

                                 𝑝𝑖𝐽(𝑡 + 1) = (1 − ∏ (1 − 𝑝𝑖𝑗
′

𝑗𝜖𝐽(𝑡) )),                           (3.1) 

where 𝑝𝑖𝑗
′  stood for scaled transmission probabilities (from node j to node 

i; section 3.1.3) and 𝐽(𝑡) was the set of nodes that were connected to node 

i and active at time t.  Only if 𝑝𝑖𝐽 > 𝜀, where 𝜀 was a positive random 

number sampled from a uniform distribution and less (or equal) to one, 

node i was active in the next time step. The probability that node i in the 

striatum was active at time t+1 was equal to:  

                          𝑃𝑖(𝑡 + 1) = ∑(𝑒𝑥𝑐𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝑖 − 𝑖𝑛ℎ𝑖𝑏𝑖𝑡𝑖𝑜𝑛𝑖(𝑡 + 1)).              (3.2) 

Similarly, node i was active at time t+1 only if 𝑃𝑖(𝑡 + 1) > 𝜀1 (𝜀1 was also 

a positive random number sampled from a uniform distribution). Excitation 

was equal to 1 if the full pattern in the cortex assigned to striatal node i was 

present; in the case of the uncompleted pattern, it was set to be very low (< 

0.005). Probability of inhibition for node i was equal to:     

                          𝑖𝑛ℎ𝑖𝑏𝑖𝑡𝑖𝑜𝑛𝑖(𝑡 + 1) = (1 − ∏ (1 − |𝑝𝑠𝑖𝑗
′ |𝑗𝜖𝐽𝑠(𝑡) )),               (3.3) 

where 𝐽𝑠(𝑡) was the set of striatal nodes that were connected to node i and 

active at time t, and 𝑝𝑠𝑖𝑗
′  represented the scaled transmission probabilities 

(from node j to node i; the section 3.1.3).  

3.1.2.2 Simplified spiking neuron models 

These neurons can be simulated using various models and some of them 

will be explained further in more detail. They contain a smaller number of 

parameters than the complex Hodgkin-Huxley neuron model (section 

3.1.2.3) and therefore are very useful to study network dynamics in specific 

parts of the brain (Gerstner and Kistler, 2002).   

• The leaky integrate and fire model (LIF) is extensively utilized in the 

Project Ⅱ (the Paper Ⅲ and the Paper Ⅳ). The subthreshold dynamics 

of the membrane potential V of a LIF neuron is described by the 

following equation:    
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                                           𝐶
𝑑

𝑑𝑡
𝑉(𝑡) + 𝑔𝐿(𝑉 − 𝑉𝐿) = 𝐼(𝑡),                         (3.4) 

where I(t) is the total input current to the neuron, and C and gL denote 

the passive electrical cell properties, i.e. the capacitance and leak 

conductance of its membrane at rest (VL), respectively. When the 

membrane potential reaches a fixed spiking threshold, Vth, a spike is 

emitted and the membrane potential is reset to the resting value.     

• Adaptive exponential integrate and fire model can capture 

subthreshold resonance and adaptation of neural activity and it has only 

a few parameters. It is a hybrid model that combines a smooth spike 

generation with sharp spike reset. The model equations are given 

below:  

                      𝐶
𝑑

𝑑𝑡
𝑉(𝑡) = −𝑔𝐿(𝑉 − 𝑉𝐿) + 𝑔𝐿𝛥𝑇𝑒𝑥𝑝

(
𝑉−𝑉𝑡ℎ

𝛥𝑇
)

− 𝑤 + 𝐼,      (3.5) 

                                          𝜏𝑤
𝑑𝑤

𝑑𝑡
= 𝑎(𝑉 − 𝑉𝐿) − 𝑤,                                     (3.6) 

                             𝑖𝑓 𝑉 > 𝑉𝑝𝑒𝑎𝑘  𝑡ℎ𝑒𝑛 𝑉 = 𝑉𝑟  𝑎𝑛𝑑 𝑤 = 𝑤 + 𝑏.                   (3.7) 

Here C is the capacitance, 𝑔𝐿 is the leak conductance, 𝑉𝐿 and 𝑉𝑡ℎ denote 

the resting and threshold potentials, respectively, 𝛥𝑇 is the slope factor, 

I is a current source, 𝜏𝑤 and a are respectively the time constant and 

voltage dependence of the recovery current w. When the membrane 

potential V reaches 𝑉𝑝𝑒𝑎𝑘 it is reset to 𝑉𝑟 and then the recovery current 

is increased with b. 

• Izhikevich model is a two-dimensional system of ordinary differential 

equations: 

                                      𝐶
𝑑𝑉

𝑑𝑡
= 𝑘(𝑉 − 𝑉𝐿)(𝑉 − 𝑉𝑡ℎ) − 𝑢 + 𝐼,                        (3.8) 

                                          
𝑑𝑢

𝑑𝑡
= 𝑎(𝑏(𝑉 − 𝑉𝐿) − 𝑢),                                    (3.9) 

                                𝑖𝑓 𝑉 > 𝑉𝑝𝑒𝑎𝑘  𝑡ℎ𝑒𝑛 𝑉 = 𝑐 𝑎𝑛𝑑 𝑢 = 𝑢 + 𝑑.                (3.10) 

The variable V is the membrane potential of the neuron, while u is a 

generic recovery variable that feeds back negatively onto V, C is 

capacitance, 𝑉𝐿 and 𝑉𝑡ℎ are resting and threshold potentials, 

respectively, k is a parameter that determines the steady-state current 
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voltage relation (I-V), I is a current source, a is the recovery current 

time constant, and b is the voltage dependence of the recovery current. 

When the membrane potential V reaches 𝑉𝑝𝑒𝑎𝑘 it is reset to c while the 

recovery current u is increased with d.  

All network simulations were written in the Python interface to the Neural 

Simulation Tool (NEST), a software package used extensively to simulate 

from medium to large scale networks of spiking point neurons (Gewaltig 

and Diesmann, 2007). The dynamical equations were integrated at a fixed 

temporal resolution of 0.01 ms using the fourth order Runge-Kutta method.    

3.1.2.3 Hodgkin-Huxley model 

Hodgkin and Huxley in 1952 penetrated the large squid axon with an 

electrode while at the same time electrically stimulated it. That was the first 

ever intracellular recording of a spike (Hodgkin and Huxley, 1952). After 

the recordings, they wrote four differential equations (equations 3.11-3.14) 

that helped us to understand the essence of the action potential. For their 

crucial findings, they eventually got the Nobel Prize in 1963. The first of 

the four equation is given by the equation below where the V is the voltage, 

n is activation variable for a potassium channel (K+) that can also be 

thought as the probability K+ gate to be open (four gates comprise K+ 

channel), m is the activation variable for a sodium channel (Na+), h is the 

inactivation variable for Na+, I is a current source, and 𝑔𝐾, 𝑔𝑁𝑎 and 𝑔𝐿 are 

the maximal values of conductance for K+, Na+ and leakage, respectively.  

  𝐶
𝑑

𝑑𝑡
𝑉(𝑡) = −𝑔𝐾𝑛4(𝑉 − 𝑉𝐾) − 𝑔𝑁𝑎𝑚3ℎ(𝑉 − 𝑉𝑁𝑎) − 𝑔𝐿(𝑉 − 𝑉𝐿) + 𝐼,        (3.11) 

From this equation, it became evident that three currents encompassed most 

of the total current flow through the axon. Those currents were: the voltage-

gated persistent K+ current ( 𝑔𝐾𝑛4(𝑉 − 𝑉𝐾)), the voltage gated transient 

Na+ current (𝑔𝑁𝑎𝑚3ℎ(𝑉 − 𝑉𝑁𝑎)), and the leakage current (𝑔𝐿(𝑉 − 𝑉𝐿)). 

Further: 

                                    
𝑑𝑛

𝑑𝑡
= 𝛼𝑛(𝑉)(1 − 𝑛) − 𝛽𝑛(𝑉)𝑛,                                     (3.12) 

                                
𝑑𝑚

𝑑𝑡
= 𝛼𝑚(𝑉)(1 − 𝑚) − 𝛽𝑚(𝑉)𝑚,                                   (3.13) 

                                    
𝑑ℎ

𝑑𝑡
= 𝛼ℎ(𝑉)(1 − ℎ) − 𝛽ℎ(𝑉)ℎ,                                     (3.14) 
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where 𝛼𝑛, 𝛽𝑛, 𝛼𝑚, 𝛽𝑚, 𝛼ℎ and 𝛽ℎ are voltage dependent rate constants for 

the ith ion channel.  

    Biophysically detailed modelling tries to capture detailed biophysical 

characteristics of a neuron as well as its morphology which can result in 

thousands of equations. The other challenge is the lack of experimental data 

regarding ion channel distributions.   

3.1.3 Weights/Synapses  

Paper Ⅴ & Paper Ⅵ. Experimental data revealed that the weight 

distribution between cortical nodes (electrodes) had an exponentially 

decaying tail (Pajevic and Plenz, 2009), demonstrating the presence of a 

few links with large traffic. Thus, we picked weights (transmission 

probabilities) 𝑝𝑖𝑗 from an exponential distribution. We scaled the weights, 

so the branching parameter σ (the average numbers of nodes activated in 

the next time step, given a single node being active in the current time step) 

for the entire network was set to 1: 

                                                         𝑝𝑖𝑗
′ =

𝑝𝑖𝑗

∑ ∑ 𝑝𝑖𝑗𝑗𝑖
𝑁.                                       (3.15) 

The, parameter N represented the number of cortical nodes (the number of 

recording sites in the experimental data). In the striatum, weights 𝑝𝑠𝑖𝑗 were 

randomly chosen from uniform distribution and were than scaled, so the 

striatal parameter 𝜎1 could be tested for different values (𝜎1 ≤ 0; N=N1):    

                                                         𝑝𝑠𝑖𝑗
′ =

𝑝𝑠𝑖𝑗

∑ ∑ 𝑝𝑠𝑖𝑗𝑗𝑖
𝑁1𝜎1.                              (3.16) 

Paper Ⅲ & Paper Ⅳ. Synaptic inputs were modelled by transient 

conductance changes using the alpha function such that: 

                                                 𝑔 = { 
𝐽

𝑡

𝜏
𝑒1−

𝑡

𝜏        𝑓𝑜𝑟 𝑡 ≥ 0

0                   𝑓𝑜𝑟 𝑡 ≤ 0
,                         (3.17) 

where 𝜏 denoted the rise times for synaptic inputs, and J stood for the peak 

amplitude of the conductance transient (‘strength’ of the synapses). 

3.1.4 Networks 

Paper Ⅴ & Paper Ⅵ. We set average connectivity between the N (N=30) 

cortical nodes to be 10 as suggested by the experimental data (Pajevic and 

Plenz, 2009), and then applied the preferential attachment rule, where each 
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node was attached to other nodes in proportion to the designated out-

degrees of those nodes. In that way, we acquired a node degree linearly 

related to the average node strength for in and out degrees. In our model, 

there were neither any self-connections nor more than one connection 

between attached pairs of nodes in the cortex. In the striatum, we had all-

to-all or locally coupled nodes (without self-connections). The second 

network topology (locally coupled nodes) comprised nodes that were 

connected on a two-dimensional lattice with a nearest neighbor 

connectivity (four neighbors). Striatal nodes in this case were connected as 

a torus in order to avoid dissipation of activity due to border effects. Each 

of the N1 nodes in the striatum was randomly connected with a certain 

number of nodes in the cortex. We systematically varied the number of 

connections (Nk) between the cortex and the striatum, assumed to be needed 

for evoking activity in the striatal nodes, in order to check how it influenced 

striatal statistics. 

    We elicited population events by randomly choosing and triggering a 

single node in the cortex while simultaneously collecting resulting activity 

in the cortex and the striatum.   

Paper Ⅲ & Paper Ⅳ. There are at least two main inhibitory circuits in 

the striatum that are activated by cortical inputs and that control firing in 

MSNs. The first is FF inhibition via the small population of FSIs, and the 

second is FB inhibition from the axon collaterals of the MSNs themselves 

(sections 2.3.2 & 2.3.3). Therefore, we simulated a network of two types of 

GABAergic neurons, 2800 MSNs and 56 FSIs, which was driven with 

external inputs corresponding to an external stimulation from the cortex 

(Fig. 3.1).  Namely, the selected population (FSIs, MSNs or both) and 

number (all or only a portion) of neurons, which depended on the particular 

studied setup, received the background activity and oscillatory inputs. The 

rest of the population (that did not receive oscillatory inputs) received 

external, excitatory and uncorrelated Poisson synaptic inputs. We have 

chosen to use the LIF neuron model that lacks oscillatory features and, 

therefore, all frequency responses are a direct outcome of network 

interactions. The model parameters, connection probabilities and strength 

of synapses were set in line to published experimental data (Belić et al., 

2017). 
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Figure 3.1: Schematic of the network model of the striatum. 

3.1.5 Computational models of the striatal microcircuitry 

Computational network studies of the striatum encompass a large range of 

models with different complexity, from completely abstract to 

biophysically detailed models (Plenz and Kitai, 2000; Bar-Gad et al., 2000; 

Humphries et al., 2009; Ponzi and Wickens, 2010; Yim et al., 2011; 

Damodaran et al., 2014).  The presence of FB inhibition led early modeling 

studies to propose Winner-Take-All (WTA) dynamics as prevailing 

dynamics within striatal circuitry. However, later experiments 

demonstrated weaker than expected striatal recurrent inhibition (section 

2.3.2) and WTA dynamics suggestion was replaced with ‘winner-less-

competition’ where FB inhibition could be very efficient in creating of cell 

assemblies (Carrillo-Reid et al., 2008; Ponzi and Wickens, 2010). Striatal 

interneurons have been highly neglected in modelling studies compared to 

MSNs, although they are getting more and more attention in recent years.     

3.2 Experimental procedures  

Only interplay between modelling and modern experimental tools will help 

us tackle and solve the missing pieces of one of the most brilliant and 

grandiose puzzle of all time called the brain. Nowadays, many 

experimental approaches are highly available both in vitro and in vivo, 

spanning from those that measure signals from single cells to those that 

measure whole brain activity (e.g. light and electron microscopy, two-

photon microscopy, LFP and EEG (electroencephalography) recordings, 
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functional magnetic resonance imaging). New molecular genetics tools 

such as optogenetics (optical stimulation and recording from single neuron 

or population of neurons in vivo), brainbow (due to modifications of the 

genome some cell types in the brain become colorful), and CLARITY (a 

method that makes the brain transparent by removing all fat from the tissue) 

have started to have a strong impact on the direction of many subfields in 

neuroscience.           

3.2.1 Project Ⅲ (Paper Ⅴ) 

Organotypic Cultures on Microelectrode Arrays. All animal procedures 

were in accordance with the National Institutes of Health guidelines. 

Coronal slices from rat cortex (350 µm thick), striatum (500 µm thick), and 

midbrain (substantia nigra pars compacta; 500 µm thick) were cut on a 

vibratome in sterile Gey’s balanced salt solution and cultured on planar, 

60-channel microelectrode arrays (MEA) for the recording of local field 

activity. For all MEA recordings a custom layout with two sub-arrays for 

cortex (31 electrodes) and striatum (28 electrodes) was used (Fig. 3.2A). 

Local Field Potentials. LFP activity was recorded at (or down-sampled) 1 

kHz, and subsequently band-pass filtered at 1-50 Hz. Negative LFP 

deflections were detected by finding the minimum value of the LFP signal 

that crossed a threshold of z=-4.5 standard deviations (Fig. 3.2B).  

Figure 3.2: (A) Organotypic cortex-striatum-substantia nigra pars 

compacta culture. The white circles indicate the electrodes for which 

representative LFP traces are shown in (B). (B) Example of LFP activity 

for four cortical and striatal electrodes. Red dots indicate significant 

negative LFP peaks.   
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Spatiotemporal clusters were detected as in previous work (Beggs and 

Plenz, 2003). 

3.2.2 Project Ⅰ (Paper Ⅰ & Ⅱ) 

6-OHDA Lesioned Hemi-Parkinsonian Rats (Paper Ⅰ). Seven adult 

female Sprague Dawley rats (230-250 g) were used in this study (Fig. 

3.3A). All experiments were approved in advance by the Malmö/Lund 

ethical committee on animal experiments. Electrodes were manufactured 

for bilateral implantation in the forelimb area of the left and right primary 

motor cortex (MI; centre coordinates: AP, +1.5; ML, ±2.8; DV, -1.0 from 

the bregma and cortical surface) as well as the left and right dorsolateral 

striatum (DLS; centre coordinates: AP, +0.2; ML, ±3.8; DV, -3.5 from the 

bregma and cortical surface) (Fig. 3.3B). More specifically, formvar-

insulated tungsten wires (33 µm; California Fine Wire Co.) were arranged 

into four 4x5 arrays with 250 µm spacing in each dimension and cut to the 

length corresponding to the implantation site for each array. Each array 

consisted of 16 recording channels, two reference channels and one 

stimulation channel (not used in this study). Reference wires were 

positioned in cell sparse regions superficial to the recording sites and 200 

µm silver wires were used for the ground connection. The wires were 

attached to board-to-board-connectors (Kyocera 5602) using conducting 

epoxy (Epotek EE 129-4). Following implantation, dental acrylic was 

attached to screws that served as connection points for the electrode ground 

wire. The animals could recover for one week after implantation and the 

extent of the lesions was confirmed by tyrosine hydroxylase 

immunohistochemistry. 

    Open-field recordings in a transparent cylinder (250 mm in diameter; 

Fig. 3.3A) were performed. First, the rat was recorded for 30 min to 

establish baseline conditions. Second, the rat was intraperitoneally injected 

with L-DOPA (levodopa methyl ester) and Benserazide (serine 2-(2,3,4-

trihydroxybenzyl) hydrazide hydrochloride racemate). Dyskinesia 

developed 10 to 20 min post L-DOPA injection and affected the 

contralateral (parkinsonian) side of the body with abnormal involuntary 

movements involving the orolingual, forelimb, and axial muscles as well 

as contraversive rotations. The L-DOPA-induced dyskinesia reached peak 

severity approximately 60 min post L-DOPA injection, and the recordings 

continued until the dyskinesia diminished spontaneously. The scoring of 

dyskinesia was conducted off-line according to standard methods for the 

scoring of abnormal involuntary movements. 
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Figure 3.3: (A) An example of the open-field recordings. (B) Schematic 

illustration of the positioning of electrodes relative to the bregma. Coronal 

plane indicating vertical positions for the cortex (the left panel) and the 

striatum (the right panel) together with AP positions. Electrodes were 

implanted bilaterally.  

    LFPs were recorded using a multichannel recording system (Neuralynx 

Inc.), filtered between 0.1-300 Hz and digitized at 1017 Hz. Channels with 

exceptional noise level were excluded upon visual inspection. On average, 

this resulted in 14 ± 0.6 channels in the right MI, 11.3 ± 2.9 in the right 

DLS, 13.26 ± 1.3 in the left MI, and 13.1 ±2 in the left DLS. Only 

experiments with high quality LFP recordings and a significant duration 

were included in further analysis (12 experiments in total).  

    The signals were divided into 2-s epochs and analyzed separately during 

baseline (referred to as the control state for the intact hemisphere and the 

parkinsonian state for the lesioned hemisphere) and the peak period of L-

DOPA-induced dyskinesia (starting from approximately 60 min post L-

DOPA injection and referred to as the dyskinetic state for the lesioned 

hemisphere). 

Healthy rats (Paper Ⅱ). Eight healthy, adult rats were used in this study. 

Open - field recordings were performed and the rats’ behavior was 

documented via digital video recordings in parallel with the 

electrophysiological recordings (synchronized via an external pulse 

generator; Master-8, AMPI). Each of the recordings was completed during 

the night (average duration was 9.4726±0.6363 hours). The electrodes were 

arranged over four structures: left primary motor cortex (ML), right 

primary motor cortex (MR), left sensorimotor striatum (SL) and right 

sensorimotor striatum (SR). Channels with exceptional noise levels were 

excluded based upon visual inspection. On average, we had 5±2.8 

electrodes in ML, 4.6±1.3 in MR, 7.1±2.6 in SL, and 3±0.8 in SR. Periods 

of active locomotion and quiet wakefulness were derived from video 
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tracking data and divided into segments based upon a thresholding 

algorithm. Stretches of LFPs that fell within periods of active locomotion 

(defined as continuous, average speed of locomotion of greater than a 

manually defined threshold) were extracted. For the rest of the recordings, 

LFP was selected when the rats were in a state of quiet wakefulness 

characterized by minimal locomotion. 

3.3 Data analysis  

• Spectral analysis and Granger causality. The power spectra were 

calculated separately for each epoch of an LFP signal by applying the 

fast Fourier transform (Paper Ⅰ & Ⅱ). After subsequent normalization 

(integral over selected frequency range normalized to unity), the 

spectra were averaged across all epochs for each LFP signal. 

    In order to quantify synchronization between the cortical and striatal 

LFPs in the frequency domain coherence was estimated using standard 

Fourier analysis (Paper Ⅰ). For each epoch and each pair of LFP signals 

(one from the MI and the other from the ipsilateral DLS) for a selected 

recording and state, the magnitude-squared coherence C at frequency f 

was estimated to: 

                                                  𝐶𝑥𝑦(𝑓) =
|𝑃𝑥𝑦(𝑓)|

2

𝑃𝑥𝑥(𝑓)𝑃𝑦𝑦(𝑓)
 ,                                   (3.18) 

 

where 𝑃𝑥𝑦 (𝑓) is the cross-power spectral density between signals x and 

y, and 𝑃𝑥𝑥 (𝑓) and 𝑃𝑦𝑦 (𝑓) correspond to the auto-power spectral 

densities of 𝑥 and 𝑦, respectively. Pairwise coherence was 

subsequently averaged across matching epochs. 

    Network activity in the population that consisted of MSNs was 

evaluated by counting the overall spiking activity in time bins of 5 ms, 

which was equal to the number of active cells per time bin (Paper Ⅲ & 

Ⅳ). To estimate the strength of oscillations we used the fact that 

oscillations introduce peaks in the power spectral density of the 

population activity. Therefore, we estimated the spectrum 𝑆(𝑓) of the 

population activity, directly from the spike trains, also using the Fast-

Fourier-Transform. Additionally (Paper Ⅲ), we defined the 

oscillations index as the relative power in the frequency band of interest 

as (±5 Hz around the driving frequency of interest 𝐶𝑓):  

                                          𝑂𝐼[𝑝𝑜𝑝] =
∫ 𝑆(𝑓)𝑑𝑓

𝐶𝑓+5

𝐶𝑓−5

∫ 𝑆(𝑓)𝑑𝑓
𝐹𝑠/2

1

.                                   (3.19) 



 

35 

 

When the network was oscillating strongly, most of the power was 

contained in the 𝐶𝑓 ± 5 band and, as a result, 𝑂𝐼 values were higher. 

    Symmetric measures like the cross-correlation function in the time 

domain and the coherence function in the spectral domain are not 

sufficient in studies that also aim to identify directed “causal” 

interactions from time series data. Wiener-Granger causality (G-

causality; Granger, 1969) is a powerful statistical method that provides 

a solution to this problem. Prediction in the G-causality is based on 

Vector Auto Regressive (VAR) modelling and is suitable to be applied 

to continuous signals as well, unlike some other measures such as 

transfer entropy (Kaiser and Schreiber, 2002). Therefore, G-causality 

has been widely used to detect functional connectivity in neuroscience 

studies (Ding et al., 2006; Seth, 2010; Barrett et al., 2012; Seth et al., 

2015).  We here used this approach to obtain statistical measures on the 

primary directionality of information transfer between different brain 

structures. We computed the spectral G-causality by employing the 

Multivariate Granger Causality Toolbox (MVGC; Barnett and Seth, 

2014). We pooled data from all epochs for each state and calculated the 

cortico-striatal interactions in terms of G-causality for each pair of LFP 

signals. The VAR model order was estimated by using the Akaike 

Information Criterion (Akaike, 1974). 

• Cross-frequency coupling. In order to estimate cross-frequency 

coupling (Paper Ⅰ), we calculated the modulation index as described in 

(Tort et al., 2008). The measure is defined as an adaptation of the 

Kullback-Leibler distance and calculates how much an empirical 

amplitude distribution-like function over phase bins deviates from the 

uniform distribution. Thus, it is able to detect the phase-amplitude 

coupling between two frequency ranges of interest. The obtained 

values of 0 correspond to a lack of phase to amplitude modulation, 

while larger values represent stronger phase to amplitude modulation. 

For our purposes, time series of the phases were obtained for a lower 

frequency range with 2- Hz bandwidths and 1- Hz steps (i.e., [1 Hz, 3 

Hz], [2 Hz, 4 Hz], [3 Hz, 5 Hz], up to [11 Hz, 13 Hz]), and time series 

of the amplitude envelope were calculated for a higher frequency range 

with 4- Hz bandwidths and 2- Hz steps (i.e., [60 Hz, 64 Hz], [62 Hz, 

66 Hz], [64 Hz, 68 Hz], up to [86 Hz, 90 Hz]). The modulation index 

was calculated for each LFP signal and then averaged across each state.  

• Cross-correlation analysis of LFPs. In order to quantify 

synchronization between the cortical and striatal LFPs in the time 
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domains we first calculated the cross-correlation (Paper Ⅰ). The cross-

correlation R depends on the time lag τ and is given as:  

                       

𝑅(𝜏) = {

1

𝑁 − 𝜏
∑ 𝑥𝑛+𝜏 ∗ 𝑦𝑛

𝑁−𝜏

𝑛=1

, 𝜏 ≥ 0

𝑅(−𝜏),                                  𝜏 < 0,

                    (3.20) 

 

where 𝑥𝑛 and 𝑦𝑛 represent normalized signals of length N at sample n. 

R(τ) has the maximum value 1 for perfect positive correlations and the 

minimum value -1 for perfect negative correlations. We calculated the 

cross-correlation separately for each epoch of each pair of LFP signals 

(one from the MI and the other from the ipsilateral DLS) for a selected 

recording and state. The cross-correlation functions were then averaged 

across each state.    

• Pearson’s correlation coefficient. To measure the spike train 

synchronicity, we used Pearson’s correlation coefficient (Paper Ⅲ):  

 

                                                     𝐶 =
∑ 𝑥𝑖𝑦𝑖

𝑛
𝑖=1

√∑ 𝑥𝑖
2𝑛

𝑖=1 ∑ 𝑦𝑖
2𝑛

𝑖=1

,                                    (3.21) 

where 𝑥𝑖 and 𝑦𝑖  denoted the two zero-mean vectors of two spike trains. 

For identical vectors 𝑥𝑖 and 𝑦𝑖, the correlation C was equal to unity. 

Since we were interested in millisecond synchronization, the bin size 

was set to 1 ms. 

• Entropy (H) and mutual information (I). For each single trial, 

cortical activity was represented as (total number of time bins x N) 

binary pattern (Paper Ⅴ). If the corresponding node was active during 

a certain time bin a bit was set to 1, otherwise it was set to 0. The 

entropy of that set of patterns was defined as:  

                                                         𝐻 = − ∑ 𝑝𝑖𝑙𝑜𝑔2𝑝𝑖 ,
𝑛
𝑖=1                              (3.22) 

where n was the number of unique binary patterns, and 𝑝𝑖 was the 

probability that pattern i occurred. Similarly, we quantified interactions 

between node i and node j by calculating the mutual information 
(vectors vi and vj represented collected activity for nodes i and j, 

respectively): 
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        𝐼(𝑣𝑖 , 𝑣𝑗) = ∑ ∑ 𝑝(𝑣𝑖 = 𝑎, 𝑣𝑗 = 𝑏)𝑙𝑜𝑔2(
𝑝(𝑣𝑖=𝑎,𝑣𝑗=𝑏)

𝑝(𝑣𝑖=𝑎)𝑝(𝑣𝑗=𝑏𝑏𝜖0,1 )𝑎𝜖0,1 ,     (3.23)   

where p(x) was the probability of x, and p(x,y) was the joint probability 

for x and y.                       

• Statistical analysis. The values in different groups were compared 

using the Mann-Whitney U test (Paper Ⅰ, Ⅲ & Ⅳ) and a p-value < 0.05  

was considered statistically significant.  

    Power law exponents were estimated using the Kolmogorov-

Smirnov (KS) statistics and the KS test was used to determine whether 

the power law or exponential distribution was fitting the data better 

(Paper Ⅵ). Specifically, the distribution with the smallest KS distance 

between the model fit and data was considered the better fit.  
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Chapter 4  

Results and Discussion  

The highest activity a human being can attain is learning for 

understanding, because to understand is to be free. 

 

 

Baruch Spinoza 

4.1 Project Ⅰ – Analysis of LFPs in healthy and diseased 

cortico-striatal circuitry  

In Project Ⅰ we employed LFP signals to study the directed influence 

between the cortex and the striatum as well as cross-frequency coupling in 

the healthy, parkinsonian and dyskinetic states.  

• The dyskinetic state is related to high frequency oscillations and 

increased coherence between the cortex and striatum at ~80 Hz. 

We first characterized and compared the LFPs during the different 

states by estimating the power spectral density. Overall, we could 

confirm earlier findings (Halje et al., 2012), i.e., we observed an 

increase in power in the high beta band (20-30 Hz) when comparing 

the parkinsonian state to the control state (Fig. 4.1A and B). This power 

increase was present in both the MI and DLS of the lesioned 

hemisphere, although it was more prominent in the DLS. In the time 

domain, we also observed higher voltage fluctuations in both the MI 

and DLS of the lesioned hemisphere across different electrodes and 

recordings. In the dyskinetic state, these fluctuations were significantly 

reduced, as was the power in the high beta band. This suppression in 

combination with an activity-dependent broad-band increase in the 

gamma band created a marked flattening of the power spectrum in the 

range ~20-60 Hz. However, in conjunction with dyskinetic symptoms, 

another phenomenon in the form of a strong narrowband oscillation at 

~80 Hz emerged (Fig. 4.1C). This oscillation was stable and similar for 

different electrodes and recordings but was never observed in either the 

MI or DLS in the lesioned hemisphere during baseline (i.e. 

parkinsonian state Fig. 4.1A). 
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Figure 4.1: (A) Power in the lesioned hemisphere before levodopa 

administration has shown an increase in higher beta frequency band. 

Traces for single electrodes and their average value (bold red line for the 
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cortex and bold blue line in the striatum) are illustrated. (B) Power in the 

intact hemisphere has not shown an increase for any frequency band. (C) 

Power in lesioned hemisphere after levodopa administration has shown an 

increase in higher gamma frequency band (around 80 Hz). 

    Next, we calculated the coherence between the MI and DLS in order 

to obtain a frequency-domain measure of the relationship between 

these two structures. In the parkinsonian state (Fig. 4.2A) we observed 

an increase of coherence values for low frequencies (< 10 Hz) and the 

high beta band. Those increased coherence values were not present in 

either the dyskinetic or the control state (Fig. 4.2B and C, respectively). 

In the dyskinetic state, a prominent peak coherence value could instead 

be observed at 80 Hz (Fig. 4.2C). Overall these results demonstrated 

the existence of strong cortico-striatal synchronicity at 80 Hz during L-

DOPA-induced dyskinesia in all recordings (Fig. 4.2D).   

 

 
Figure 4.2: (A) Coherence has increased for low frequencies (< 10 Hz) and 

for high beta frequencies in the case of the lesioned right hemisphere. (B) 

Coherence has peak values at high gamma frequencies (around 80 Hz). (C) 

In the case of the intact left hemisphere, we did not see any prominent 

increase in the coherence. (D) Average values of coherences for the intact 
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and lesioned hemispheres. Shaded areas represent variability in the data 

as measured by the standard deviation.   

• The effective cortico-striatal connectivity is bidirectional for the 

pathological states and has a peak at ~80 Hz in the dyskinetic state. In 

a state where we know cortical activity causes striatal activity an analysis 

of directionality would only confirm this fact. However, in awake behaving 

animals and in pathological states the main directionality is generally not 

known and has been reported to depend on the frequency range investigated 

and even the amount of neuromodulators present (Williams et al., 2002). It 

was therefore relevant to conduct this analysis in the present study. We 

accordingly justify the application of Granger causality by highlighting that 

symmetric measures like the cross-correlation function in the time domain 

and the coherence function in the spectral domain are not sufficient in 

studies that also aim to identify directed “causal” interactions from time 

series data. Granger causality is a powerful statistical method that provides 

a solution to this problem.  

    We evaluated the G-causality in the parkinsonian state (Fig. 4.3A), the 

dyskinetic state (Fig. 4.3B) and the control state (Fig. 4.3C). In the 

parkinsonian state, we observed that effective connectivity is bidirectional 

with a slight accent on striatal influence on the cortex in the high beta band. 

In the dyskinetic state, we also found that connectivity was bidirectional 

with a specifically high increase at ~80 Hz, which was again more 

pronounced from striatum to cortex. Finally, in the control state, we 

observed that G-causality was generally lower and with no pronounced 

connectivity in neither the high beta band nor the narrow frequency band 

at ~80 Hz. Overall, it seems that effective connectivity in cortico-striatal 

circuits is dynamic and depends on the current network state.   

• The dyskinetic state is characterized by a lack of synchronicity 

between a small group of neurons active at 80 Hz and neurons active 

at lower frequencies. Information processing has to be integrated and 

combined across multiple spatial and temporal scales, and mutually-

interacting oscillations would be suitable to regulate multi-scale integration 

(Canolty and Knight, 2010). It has been suggested that the activity of local 

neural populations is modulated according to the global neuronal dynamics 

in such a way that populations oscillate and synchronize at lower 

frequencies while smaller, local ensembles are active at higher frequencies. 

In one variety of those interactions, the phase of low frequency oscillations 
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Figure 4.3: (A) Granger causality (GC) for the lesioned hemisphere before 

levodopa administration.  Left panel illustrates GC values when the cortex 

is assumed to be a source (driving striatal activity) and represents the 

traces for all pairs of the cortico-striatal electrodes. Middle panel shows 

GC values in the case where the striatum is assumed to be a source and the 

right panel shows averaged values. (B) The same analysis as in (A) for the 

lesioned hemisphere after levodopa administration. (C) Granger causality 

for the intact hemisphere before levodopa administration (the same 

analysis as in (A)). The y-axes are different in order to improve visibility. 

modulates the amplitude of high frequency oscillations. In order to 

further study the 80- Hz phenomenon, we thus calculated the phase-

amplitude coupling between low frequencies (1-13 Hz) and high 

gamma frequencies (60-90 Hz).   

    Contrary to the parkinsonian state where mutual interactions show 

no consistent structure (Fig. 4.4A), a characteristic pattern was 

observed in the dyskinetic state (Fig. 4.4B). In this state, we have seen 
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Figure 4.4: Average phase-amplitude coupling values for the lesioned 

hemisphere before levodopa administration. Values were normalized 

separately for each column by dividing all values with the maximum value 

across it. (B) The same analysis as in (B) for the lesioned hemisphere after 

levodopa administration. (C) Phase-amplitude coupling values for the 
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intact hemisphere before levodopa administration (the same analysis as in 

(A)). 

a large relative decrease in the modulation of the amplitude at 80 Hz 

by the phase of low frequency oscillations. We tested a broad range of 

frequencies and the modulation of the amplitude at 80 Hz was just 

observed by the phase of low frequency oscillations (<13 Hz). The 

findings were very robust and observed in each animal. In the control 

state, a distribution similarly disorganized as that in the parkinsonian 

state was observed (Fig. 4.4C). Therefore, our results unexpectedly 

suggest a lack of coupling between the low frequency activity of a 

presumably larger population and the synchronized activity of a 

presumably smaller group of neurons active at 80 Hz in the case of 

dyskinesia. 

• Power spectra depend on the level of activity in healthy rats. We 

calculated the average power spectra (Fig. 4.5) in healthy rats and 

observed the dominance of power spectrum during the rest state over 

the active state up to a certain frequency, where active states started to 

dominate. That occurrence has been similarly observed in humans, 

during electrocardiographic recordings (Miller et al., 2008). The study 

has also suggested that superposition of two phenomena can produce 

the observed intersection. The first of them is event-related 

desynchronization (ERD) and reflects power decrease of α (8-12 Hz) 

and β (13-30 Hz) bands during movements compared to the resting 

state (Pfurtscheller and Lopes da Silva, 1999).  ERD has been reported 

for different motor tasks and also in the case when movement was only 

imagined (Babiloni et al, 2000). Parameters of desynchronization 

depend on the type of the movement as well, e.g. speed of the 

movement or strength during execution (Erbil and Ungan, 2007). 

Second, there is also increase in spectral power across all frequencies 

(Miller et al., 2007). The increase is most prominently observed at 

higher frequencies while it is masked by ERD at low frequencies. 

The classical explanation for the triggering of L-DOPA-induced dyskinesia 

is the imbalance between the direct and indirect pathways in the striatum. 

It is suggested that both dopamine D1 and D2 receptors in the striatum are 

excessively stimulated, leading to an overshoot of activity in the direct 

pathway and an undershoot of activity in the indirect pathway. According 

to an alternative view, dyskinetic symptoms are instead induced by  
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Figure 4.5: Average power spectra for the cortex and striatum for resting 

and active states (n=8).  

alterations in the functional connectivity of the neuronal networks in 

several parts of the cortico-basal ganglia-thalamic loop, leading to 

pathophysiological activity patterns at the systems level (Richter et al., 

2013). 

Although over the last few years there has been an increased research effort 

addressing this issue, the neural mechanisms underlying L-DOPA-induced 

dyskinesia in PD are still far from clear.  

    The underlying mechanisms of striatal LFPs are also not well 

understood, but they are thought to be important for the control of behavior 

(Berke et al., 2004; Berke, 2009; van der Merr and Redish, 2009; van der 

Merr et al., 2010). We used G-causality to study the direction of activity in 

the cortico-striatal network, and provide new insights into the network’s 

functional organization in terms of directed coherence. These causality 

measures should be viewed as probabilistic but can nevertheless in many 

situations provide indirect information on underlying mechanistic relations. 

So far, only three studies have investigated directed interactions in the 

cortico-striatal loop of rats: directed measures were used to study 

interactions in the basal ganglia structures of control anesthetized rats 

(Sharott et al., 2005), control freely behaving rats (Nakhnikian et al., 2014) 

and in a rat model of epilepsy (David et al., 2008). Thus, for the first time, 

directed measures are here employed to study the pathological states of PD 

and L-DOPA-induced dyskinesia in rats. We found that effective 

connectivity is generally bidirectional for both pathological states, with a 

peak at ~80 Hz in both directions in the dyskinetic state. Somewhat 

unexpectedly, this peak was larger in the direction from the striatum to the 
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cortex than vice versa. Further investigations will be necessary to address 

the role of thalamic inputs to the striatum and generally the cortex-basal 

ganglia-thalamic loop.  

    Here, we report also for the first time characteristic patterns for phase-

amplitude coupling in the dyskinetic state in both the cortex and the 

striatum. We have seen a large relative decrease in the modulation of the 

amplitude at ~80 Hz by the phase of low frequencies (up to ~10 Hz). 

Additional experimental and modelling studies are necessary to reveal the 

underlying mechanism of the observed 80- Hz decoupling phenomena. 

4.2 Project Ⅱ – The role of striatal inhibition in the 

propagation of cortical oscillations 

In this project, we used a spiking neuron network model of the striatum to 

isolate the mechanisms underlying the transmission of cortical oscillations 

to not only the MSNs that receive direct cortical inputs but also to the other 

unstimulated MSNs. We systematically studied the effect of FB and FF 

inhibitions, the density of outgoing projections and the overall activity of 

striatal cells on the oscillatory activity of the striatum.  

• Propagation of cortical oscillations in the striatal network. When a 

fraction of MSNs was stimulated with oscillatory inputs at 80 Hz in the 

addition to the background input, while the rest of MSNs received only 

the Poisson inputs (Fig. 4.6A), a detailed analysis revealed that the 

input driven oscillatory activity was limited only to the directly 

stimulated MSNs (Fig. 4.6B, red line) and unstimulated neurons did 

not show any oscillatory activity (Fig. 4.6C, red line). That is, partial 

stimulation of the MSN population was not sufficient to distribute the 

oscillatory input to the unstimulated MSNs. Moreover, the entrainment 

of the stimulated MSNs population was affected by the baseline 

activity of the unstimulated neurons. High firing rate (~6Hz) of the 

unstimulated MSN population reduced the firing rate of the stimulated 

MSNs and impaired the transmission of cortical oscillations even to the 

directly stimulated MSNs (Fig. 4.6D). High firing rate and 

asynchronous activity of unstimulated MSNs increased the noise in the 

stimulated MSNs and reduced the signal-to-noise ratio (SNR) of the 

cortical drive to the stimulated neurons. The oscillations transmission 

could be restored by matching the firing of the stimulated population 

with the firing of the unstimulated MSN population. By contrast, when 

FSIs (50 %) were also stimulated with the same oscillatory inputs as 

the stimulated MSNs, oscillations were observed not only in the FSIs 
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Figure 4.6: (A) Schematic of the striatal network. The stimulated MSNs 

received oscillatory inputs in addition to the Poisson type background 

spiking inputs. The unstimulated-MSNs only received the Poisson type 

spiking inputs. (B) The spectral analysis of the population activity of MSNs, 

without (red trace) and with (blue trace) feedforward inhibition, stimulated 

by an oscillatory input at 80 Hz. (C) Same as in B but for unstimulated 

MSNs. (D) In the absence of FSI stimulation, oscillations in the whole MSN 

network could be destabilized by the increase in the average firing of 

unstimulated MSNs. 

but also in the MSNs (0.015 vs 0.053, p<0.01, Fig. 4.6C, blue traces).  

These results showed that FSIs play an important role in distributing 

cortical input to the striatal MSNs.  

• Firing of FSIs controls propagations of cortical oscillations in the 

striatal network. Next, we tested whether stimulation of FSIs alone 

was sufficient to transmit the cortical oscillations to MSNs over several 

frequencies (Fig. 4.7). We found that when only FSIs were stimulated, 

the spectral peak in the MSN population activity directly depended on 

the average firing of FSIs and the frequency of input oscillations. For 
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instance, FSIs average firing frequency higher than 14.5 ± 3.3 Hz was 

necessary to transmit 20 Hz cortical oscillations to unstimulated MSNs 

(Fig. 4.7A). Similar results were obtained for 40 Hz and 80 Hz input 

frequencies in the case of low (red curve) and high (blue curve) firing 

rates of FSIs. Because connections between MSNs and FSIs are only 

unilateral and FSIs also receive incoherent oscillatory inputs, they 

exhibit asynchronous activity irrespective of the input amplitude (Fig. 

4.7B). Raster plot and firing rate histogram of MSNs, when FSIs fired 

at low (Fig. 4.7B, left red) or high (Fig. 4.7B, right blue) frequencies, 

did not show any clear temporal pattern. In these two examples, even 

though the firing rate of FSIs was doubled the average firing of MSNs 

changed only by a small amount (1.62 ± 1.31 Hz versus 1.53 ± 1.26 

Hz).  

Figure 4.7: (A) Power spectra of the MSNs population when only FSIs were 

driven by cortical oscillatory inputs at 20, 40 and 80 Hz. The ability of FSIs 

to transfer oscillations to MSNs (blue traces) directly depended on their 

average firing rates. (B) Spiking activity (top) and population firing rate 

(bottom) of 56 FSIs and 2800 MSNs for the low and high maximal 

oscillatory amplitude onto FSIs. 
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    Previous experimental work has demonstrated the importance of 80 

Hz cortico-striatal oscillations for shaping neuronal interactions 

between cortex and striatum. Recently, it has been found that the FSIs 

fire in relation to very high cortical frequencies. Given the functional 

relevance of high frequency oscillation in the striatum, in the following 

we specifically focus on the transmission of 80 Hz oscillation from the 

cortex to MSNs. A detailed analysis of the FSIs activity showed that 

only a few FSIs spiked relative to the oscillation cycle (Fig. 4.8A) when 

oscillations were successfully transferred to the MSNs. Together with 

the firing rate changes, increasing the strength of oscillatory inputs also 

increased pairwise correlations among FSIs. Even though the 

correlation magnitude was small, it was sufficient to influence the 

firing pattern of MSNs because of the high divergence of FSI inputs to 

the MSNs. Consistent with this, the OI of the MSN population showed 

a steady increase correlated with the higher values of the maximal 

oscillatory input current. When FSIs were driven with a weak input it 

is not that the oscillations were never transferred to the MSNs. A 

spectrogram of the MSN population activity revealed that when FSIs 

spiked at low firing rates, given the noise due to Poisson inputs and 

recurrent connectivity of MSNs, the transmission of oscillations was 

not stable and oscillations were observed intermittently. The temporal 

instability of the oscillations was the reason for the weak power of 

oscillations in MSNs and smaller OI when FSIs spiked at low rates. As 

the firing rate of the FSIs increased, the transmission became more 

stable as it became stronger than the noise, and therefore resulting in 

higher oscillations power and OI (Fig. 4.8B). Finally, when FSIs were 

driven with synchronous oscillatory inputs the peak at the driving 

frequency significantly increased (0.0357 vs 0.0497, p<0.001). 

Increase of the inhibitory rise constant had a similar effect and 

augmented the peak of the oscillations in the MSN population. 

• Sensitivity of oscillations in the MSN population to the parameters 

of the FF inhibition. In our model, cortical oscillations are first 

transferred to the FSI activity and then imprinted on to the activity of 

MSNs. That is, once oscillations are established in FSIs, e.g. by 

increasing the drive to FSIs, the transmission of the oscillations 

depends on the effective FSIs’ inputs to the MSNs. Indeed, increasing 

the strength of the FF inhibition (𝐽𝑖𝑛ℎ
𝐹𝐹 ) increased the OI (Fig. 4.9A). A 

similar effect would be observed if we changed the connection 

probability between FSIs and MSNs. For the specific choice of 𝐽𝑖𝑛ℎ
𝐹𝐹 ,  
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Figure 4.8: (A) The relationship between oscillatory inputs (80 Hz) to FSIs 

for one oscillatory cycle that spans over 12.5 ms (left panel). The thin gray 

lines and the black line (as a particular example) show the oscillatory 

inputs to individual FSIs for one trial and the red line corresponds to the 

averaged oscillatory inputs to the FSIs. Average firing of FSIs as a function 

of the amplitude of the oscillatory inputs (right panel). (B) Temporal 

fluctuations in the transfer of oscillations from FSIs to MSNs. In the 

presence of the weak oscillatory drive to FSIs, oscillation transfer was not 

reliable over time as indicated by fluctuations in the amplitude of the 

spectral peak as a function of time.    

      connection probability and cortical input drive within a physiological 

range, oscillations could be transferred to MSNs when as little as 16 

FSIs (28% of the local FSI population) were driven by cortical inputs 

(Fig. 4.9B). When only a fraction of FSIs were stimulated the irregular 

spiking activity of unstimulated FSIs could slightly impair the 

transmission of oscillations by adding noise to the oscillatory FSIs 
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Figure 4.9: (A) Increase in the strength of FF inhibition enhanced the 

transfer of oscillations from FSIs to MSNs as indicated by a monotonic 

increase in the OI of MSNs. (B) OI of MSNs also monotonically increased 

as the fraction of stimulated FSIs increased. (C) Influence of the 

background activity in unstimulated FSIs on the transfer of oscillations to 

the MSN population.  

inputs to MSNs. Fig. 4.9C shows the case when 36 FSIs received 

oscillatory input on the top of the Poisson background, and the rest of 

the FSIs received only Poisson drive that made them fire at two 

different frequencies, ~20 Hz and ~80 Hz, respectively. In the latter 

case, the peak was smaller but not significantly (0.033 vs 0.028, 

p=0.017). 

• Sensitivity of oscillations in the MSN population to the parameters 

of the FB inhibition. The oscillations when transferred with the aid of 

FSIs are robust to the firing rate of the MSNs. In fact, higher firing rate 

of MSNs (evoked activity) increased the power of oscillations 

compared to the low firing rate (ongoing activity) (Fig. 4.10A). This 

suggests that increase in the firing rate of MSNs during a behavioral 

task will improve the transfer of cortical oscillations. When we 

completely removed FB inhibition, the change of the oscillatory peak 

in the power spectrum depended on the firing regime of the MSNs (Fig. 

4.10B). When MSNs fired with low frequency (< 2Hz) the peak 

increased as the firing of MSNs increased after removing FB inhibition. 

In contrast, when higher neural activity was imposed (>10 Hz) the peak 

decreased after removing FB inhibition due to additional 

desynchronization of MSNs that overrode the effect of increase in the 

firing rate. Finally, we wanted to see how selective stimulation of only 

MSNs with oscillatory currents lead to the transfer of oscillations. First, 

the stimulation was partial and only a portion of MSNs received 

oscillatory and Poisson-type synaptic background inputs while the rest 

of the MSN network received only Poisson-type synaptic background 
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inputs and fired less than 1 Hz on average. For 6.25 % of the oscillatory 

driven MSN population, the peak at driving frequency was not visible, 

while for 12.5% it was strong and stable (but could not propagate 

oscillations into unstimulated MSN pool even when oscillatory driven 

MSNs fired very high). Further we split MSNs into two populations. 

All neurons received Poisson background inputs and, additionally, the 

first half of MSNs received oscillatory inputs with the driving 

frequency set to 20 Hz, and the other half also received oscillatory 

inputs but with the driving frequency set to 30 Hz. We referred to the 

first half of the MSN population as the source network and the second 

half as the target network (Gonzales et al., 2014). Here, we investigated 

how the source network affected the oscillatory activity in the target 

network. Fig. 4.10C shows that the activity of the source network can 

impose the oscillatory activity in the target network, depending on the 

firing profile of the source network. When the average firing in the 

source network was ~ 3.6 Hz, the source network could not impose 

oscillatory activity at its driving frequency onto the target network (Fig. 

4.10C, blue line). We found that when the source network was in a state 

of high activity, a statistically significant peak was present in the power 

spectrum of the target network at the oscillatory frequency of the 

source network (Fig. 4.10C, red line; 0.0192 vs 0.0752, p<0.01). 

Figure 4.10: (A) OI of MSNs for different values of the maximal oscillatory 

amplitude onto FSIs when MSNs underwent ongoing or evoked activity. (B) 

Influence of the FB inhibition on the transfer of the oscillations in the MSN 

population. (C) The MSN population was split into two equal sized 

populations. All neurons received Poisson background inputs and, 

additionally, the first population (referred to as the source network) 

received oscillatory inputs with the driving frequency set at 20 Hz, and the 

other population (referred to as the target network) also received 

oscillatory inputs but with the driving frequency set at 30 Hz. For the high 

activity state of the source network, a statistically significant peak was 
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present in the power spectrum of the target network at the oscillatory 

frequency of the source network (0.0192 vs 0.0752, p<0.01). 

• The striatum can exploit different parameters to impact the 

interference between oscillatory signals. In a more biologically 

plausible scenario the two different neuronal populations will also 

receive simultaneous oscillatory inputs at different frequencies. For 

instance, oscillatory inputs onto the MSN population may be different 

from the oscillatory inputs onto the FSI population. Therefore, we first 

investigated the response of the MSN network that received oscillatory 

inputs at 40 Hz, while FSIs were subjected to a range of different 

external frequencies. Varying the driving frequency alone of the FSI 

network (for a constant stimulation intensity) had a strong influence on 

the spectrum of the MSN population activity. Fig. 4.11A details the 

power decrease in the case when FSIs were oscillating at different 

driving frequencies compared to the scenario when FSIs were not 

present (only values that were lower than the mean of all negative 

values are depicted). For all driving frequencies into FSIs, there was a 

noticeable decrease at the driving frequency of the MSNs. Power 

increase was also present (Fig. 4.11B; only values that were higher than 

the mean of all positive values are shown) and not only in the case of 

driving frequencies into FSIs. Components at the sum and absolute 

difference of the driving frequency into MSNs and driving frequencies 

into FSIs (sideband frequencies) have also emerged which indicates a 

plurality of the network response. Further, we wanted to see how the 

peak frequencies change when stimulation intensity of oscillatory 

inputs was varied to both FSIs (Fig. 4.11C) and MSNs (Fig. 4.11D), in 

the case when the driving frequency into FSIs was fixed to 25 Hz. First, 

we systematically varied the maximum input amplitude into FSIs, and 

recorded values at both driving frequencies and sideband frequencies. 

As the strength of inputs linearly increased, we observed a gradual 

increase in the peak strength for the driving frequency into FSIs and at 

the same time a gradual decrease of the peak strength for the driving 

frequency into MSNs. The strengths of the sideband oscillations also 

exhibited an increase (Fig. 4.11C). Lastly, when the maximum input 

amplitude into MSNs was varied, the strength of the peak at the driving 

frequency of MSNs was significantly modulated as well as the strength 

of the sideband frequencies. Strength of the peak at the driving 

frequency of FSIs insignificantly changed (0.1135 vs 0.1212, p>0.5; 

Fig. 4.11D). In contrast, when the FSIs population was divided into  
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Figure 4.11: (A) The power decrease of the MSN network that receives 

oscillatory inputs at 40 Hz (the referent network), while FSIs are subjected 

to the range of different external frequencies, indicated on the x-axis, and 

when compared to the scenario when FSIs are not present (only values that 

are lower than the mean of all negative values are depicted). (B) The power 

increase of the network explained in (A) and when compared to the 

scenario when FSIs are not present (only values that are higher than the 

mean of all positive values are shown). (C) The influence of the stimulation 

intensity into FSIs on the power spectrum of the MSN population. (D) 

Change of the oscillatory input into MSNs leads to a significant modulation 

of the peak at the driving frequency of MSNs.  

 

two groups, the first receiving oscillatory inputs at 40 Hz and the 

second was stimulated with a range of different frequencies, the 

sideband oscillations were not present. Finally, in the case when FSIs 

were stimulated with two independent oscillatory inputs at two 

different driving frequencies we observed that two parameters 

determined the strength of oscillations. First, an increase in the input 

amplitude for one of the inputs increased significantly its strength 
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compared to the baseline condition, and insignificantly decreased the 

strength of the observed oscillations for the other oscillatory input. 

Second, the phase offset between the two input signals was very 

important and shaped the spectral characteristics at the corresponding 

driving frequencies. 

Here we have used a reduced model of the striatum and simplified neuron 

models, yet the model is powerful enough to include the effects of neuro-

modulators. In general, neuro-modulators such as ACh and dopamine 

affect the network activity by modulating the effective strength of cortical 

excitation, feedback and feedforward inhibitions (Koos et al., 2004). In our 

model by changing the strength of the feedforward and feedback inhibition 

we can speculate on how ACh and dopamine may affect the transfer of 

oscillations. For instance, ACh while weakening the strengths of FSIs 

synapses onto the MSNs, it depolarizes the FSIs and increases their firing 

rate (Koos and Tepper, 2002). Reduction in the synaptic strength and 

increased firing rate will increase the mean and reduce the variance of the 

FF inhibition. That is, increase in the firing rate of the cholinergic neurons 

should increase the transfer of cortical oscillation via FSIs. Similarly, in PD 

dopamine depletion increases the connectivity between FSIs and D2 type 

dopamine expressing MSNs (Gittis et al., 2011). Such a change is proposed 

to be a compensatory mechanism to reduce the firing rate of the D2-MSNs 

(Bahuguna et al., 2015). However, our model here suggests that such an 

increase in the connectivity between FSIs and D2 MSNs would also 

increase the spread of cortical oscillations in the MSN population. That is, 

our model predicts that in dopamine depleted state there should be higher 

correlation between the cortical and striatal oscillations (Belić et al., 2016). 

    FSIs and feedforward inhibition are a common property of neuronal 

networks throughout the brain and play a crucial role in neural 

computations. For instance, FF inhibition sets the window of temporal 

integration and spiking and thereby contributes to the control of firing rate 

and correlations. Moreover, FSIs provide a simple circuit mechanism to 

gate the propagation of spiking activity (Bruno, 2011; Kremkow et al., 

2011). Furthermore, by setting a narrow window of spiking FSIs can 

synchronize the neuronal activity and generate high frequency cortical 

rhythms (Bartos et al, 2007; Mann and Paulsen, 2007; Cardin et al., 2009). 

Finally, by directly projecting to the soma of the neurons, FSIs control the 

effective gain of the neurons and provide the much-needed divisive 

inhibition and a mechanism of normalization (Runyan et al., 2010; Atallah 

et al., 2012; Lee et al., 2012). In the striatum, despite their high firing rates, 

FSIs do not seem to play a major role in controlling the firing of MSNs 
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(Berke, 2011) and so far, it has not been possible to attribute a functional 

role to FSIs in the striatum. Here, we have proposed that FSIs can perform 

an important role in transferring cortical oscillations to the striatum 

especially to those MSNs that are not directly driven by the cortical 

oscillations. Further, we have identified multiple factors such as the level 

of feedback and feedforward inhibition that influences the transfer of 

oscillations to MSNs. Further, we have shown that the striatum can exploit 

different parameters to impact the interference between oscillatory signals. 

Future work will explore the role of different frequency ranges and the 

mechanisms involved in their integration within and between different BG 

nuclei.         

4.3 Project Ⅲ – Mapping the cortical neuronal 

avalanches to the striatum 

We recorded spontaneous LFP activity in organotypic cortex-substantia 

nigra cultures simultaneously from 31 electrodes in the cortex and 28 

electrodes in the striatum. Analysis of the cluster size distributions in the 

striatum pointed to a more negative exponent than the one obtained in the 

cortex. In this study, we used computational modeling to investigate the 

influence of intrastriatal inhibition and cortico-striatal interplay as 

important factors to understand the experimental findings and overall 

information transmission among these circuits. 

• Influence of activation threshold on striatal dynamics. Our cortical 

model has shown the best agreement with experimental data regarding 

values for entropy and site-to-site mutual information compared to 

models where all-to-all or random connectivity was assumed and 

strengths of connections were picked from a uniform distribution 

(Shew et al., 2011). Extension of the cortical model, that incorporated 

striatal part as well, we first used to see how the sole connectivity 

pattern between cortex and striatum influenced the observed dynamics 

by giving different activation probabilities to striatal nodes as a 

function of cortical activity. We did that by varying the number of 

cortical nodes (Nk) assigned to each striatal node. Simultaneously 

recorded activity in the cortex and striatum produced by the model has 

generally shown substantially more sparse activity in the striatum 

compared to the cortex (Fig. 4.12A). Similarly, experimental data have 

also revealed that the number of significant nLFP peaks was also much 

higher in case of cortical LFP traces (Belić et al., 2015). Thus,  
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Figure 4.12: (A) Raster of activity in the cortex and striatum produced by 

the model. (B) Probability of activation for a striatal node depending on 

the number of randomly activated cortical nodes. (C) Cluster size 

distributions in the striatum for multiple runs. Black line indicates a power 

law with α=-1.5 for comparison. (D) Average cluster size distributions in 

the striatum (averaged over 50 trials, Nk=4). (E) Average power law 

exponent for cortex and striatal distribution given in (D) (Kolmogorov-

Smirnov statistics, upper plot) and Kolmogorov-Smirnov distance for 

striatum (D, lower plot). (F) Average pairwise correlation in cortex and 

between cortex and striatum.  

 

we set firing of these (Nk) cortical nodes as a precondition for the 

striatal node to fire, and in this way, we obtained different activation 

probabilities for the striatal nodes, from linear to highly skewed (Fig. 

4.12B). By increasing the number of cortical nodes assigned to each 

striatal node, we observed more negative estimations of the power law 

exponent (α) in the striatum (Fig. 4.12C and D). Under the assumption  

of a low activation threshold of striatal nodes, the recorded distribution 

in the striatum was similar to the one found in the cortex. Specifically, 

under the assumption of a particular high activation threshold of striatal 

nodes (Nk=4), we could reproduce power law-like distributions with a 

coefficient similar to the one found experimentally (Fig. 4.12E, upper 

plot, p<0.01). The obtained distributions were also much more in favor 

of power law distributions compared to the exponential one (Fig. 1E, 

lower plot). Furthermore, average pairwise correlation was 
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considerably higher in the cortex compared to the cortico-striatal 

activity (Fig. 4.12F).  

• Influence of intrastriatal inhibition on striatal dynamics. In order 

to investigate how additional striatal inhibition shapes observed striatal 

dynamics, we systematically varied the striatal parameter (σ1) in our 

computational model. The value of σ1 defined the probability of striatal 

nodes to be inhibited in the next time step by a single currently active 

presynaptic striatal node. We investigated two different striatal  

network topologies. In the first, the nodes were connected in an all-to-

all fashion (Fig. 4.13A, left panel). The second network topology 

comprised nodes that were connected on a two-dimensional lattice with 

a nearest neighbor connectivity (four neighbors; Fig. 4.13A, right 

panel). Striatal nodes in this case were connected as a torus in order to 

avoid dissipation of activity due to border effects, and the connectivity 

strength between nodes was equal to σ1/4. When inhibitory connections 

were imposed, cluster size distributions had a slightly decreased 

likelihood of occurrence of small events, but the decrease in the 

likelihood of medium and especially large events was prominent 

compared to the case when inhibition was not present. Kolmogorov-

Smirnov statistics showed that power law distribution after introducing 

inhibition in the model became steeper (-3.22±0.36, p<0.01, σ1=-4) 

compared to the control case without inhibition (-2.94±0.27, Fig.  

Figure 4.13: (A) Influence of intrastriatal inhibition on cluster size 

distributions in the striatum in the case of all-to-all (left panel) or local 

(right panel) connectivity in the striatum (50 trials, constant cortico-

striatal connectivity, Nk=4, assumed). (B) Comparison between average 

power law exponent values (Kolmogorov-Smirnov statistics, upper plot) 

and firing and duration counts (lower plot) in the striatum in the case when 

inhibition is present (σ1=-4) and in the case without inhibition. 



 

60 

 

4.13B, upper plot). Inhibition also reduced the firing rate as well as 

duration of avalanches in the striatum (Fig. 4.13B, lower plot, p<0.05). 
• Influence of input correlations on striatal dynamics. By changing 

the ratio of excitation and inhibition in our cortical model (σ), we 

wanted to test the influence of increased cortical activity on striatal 

dynamics. For σ < 1 an activated node triggered activity in less than 

one node, on average, resulting in a hypoexcitable state. For σ > 1, a 

node activated, on average, more than one node in the next time step, 

resulting in a hyperexcitable condition. When the system was 

hyperexcitable and inhibitory synaptic transmission was reduced, the 

distribution had an increased likelihood for large activity clusters. 

Increased activity in the cortex influenced strongly the striatal 

dynamics, which was reflected in a less negative slope of cluster size 

distributions in the striatum and increased firing of striatal nodes. We 

tested different values of the branching parameter in the cortex for two 

scenarios, without inhibition and with inhibition in the striatum (Fig. 

4.14A). We observed in both cases that by increasing the value of σ, 

cluster size distributions in the striatum started to approach the power 

law distribution found in the cortex under normal conditions. 

Specifically, for a branching parameter in the cortex higher than 1.25, 

we observed a distribution in the striatum very much like the one found 

in the cortex in the case of a balanced network (σ=1, Fig. 4.14B).  

Figure 4.14: (A) Cluster size distributions in the striatum with and without 

intrastriatal inhibition for different values of excitation (σ) in the cortex. 

(B) Comparison between average power law exponent values 

(Kolmogorov-Smirnov statistics, upper plot) and firing counts (lower plot) 

for striatal distributions given in (A) for different values of excitation (σ) in 

the cortex.   
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       A recent experiment, in which PTX was applied globally truly 

decreased the difference between cortical and striatal distributions 

(Klaus and Plenz, 2016).    

How information is transferred among the circuits in the cortex and 

striatum has been unanswered, but our results suggest that the striatal 

network should have an internal representation of the structure in the input 

space. Dimensionality reduction in the nervous system can be depicted as 

compression of the information encoded by a large neuronal population to 

a smaller number of neurons, and the number of cortico-striatal neurons 

exceeds the number of striatal neurons by a factor of 10 (Zheng and Wilson, 

2002). This process is extremely useful, because it allows the transmission 

of a large amount of information within a limited number of axons. Other 

models have also assumed that the striatum performs dimensionality 

reduction and decorrelation of cortical information (Bar-Gad et al., 2000; 

Plenz and Kitai, 2000). In those models, lateral connections were only 

needed during the learning phase and become weak after a representation 

of the input statistics. Thus, the striatum might be able to extract the 

correlation structure of high-dimensional cortical states after the network 

has achieved an internal representation of the cortical space. Further, 

intrastriatal inhibition shapes striatal activity by decorrelating the output 

rate across striatal nodes as well as between cortical and striatal nodes, and 

this was reflected in reduced firing rate and duration of clusters. 
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Chapter 5  

Conclusions and Future Perspectives 

Life is an unfoldment, and the further we travel the more truth we can 

comprehend. To understand the things that are at our door is the best 

preparation for understanding those that lie beyond. 

 

Hypatia 

In this thesis, I have studied functions and characteristics of the cortico-

striatal circuitry in health and disease by using computational models of 

different complexity and by applying sophisticated techniques to analyze 

experimental data. To better understand the cortico-striatal network is 

crucial as it has a central role in the control of motor functions, which is 

apparent from the broad range of movement disorders that are caused by 

dysfunctions of the circuitry. The thesis encompasses results from three 

different projects that were completed during my studies and below are the 

main conclusions that can be drown from them:  

Project Ⅰ 

• Here, for the first time directed measures to study the pathological 

states of PD and L-DOPA-induced dyskinesia in rats were employed. 

We found that effective connectivity is generally bidirectional for both 

pathological states, with a peak at ~80 Hz in both directions in the 

dyskinetic state. This peak was larger in the direction from the striatum 

to the cortex than vice versa, which indicates that, in the dyskinetic 

state, the coupling in the striato-thalamic loop via other BG nuclei is 

rather strong at ~80 Hz. In the control state, we observed that G-

causality was generally lower but still bidirectional, with more 

coherence being directed from cortex to striatum. 
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• In order to further investigate the 80-Hz phenomenon, we analyzed 

phase-amplitude coupling between low and high frequencies before 

and after L-DOPA administration. Here, we also report for the first 

time characteristic patterns for phase-amplitude coupling in the 

dyskinetic state in both the cortex and the striatum. We have seen a 

large relative decrease in the modulation of the amplitude at ~80 Hz by 

the phase of low frequencies (up to ~10 Hz). Therefore, our results 

unexpectedly suggest a lack of coupling between the low frequency 

activity of a presumably larger population and the synchronized 

activity of a presumably smaller (potentially partially overlapping), 

group of neurons active at 80 Hz. 

• In healthy rats, power spectra analysis revealed dominance of the 

power spectrum during the rest state over the active state up to a certain 

frequency, where the active state started to dominate, in both the cortex 

and the striatum.  

Project Ⅱ 

• We used a spiking neuron network model of the striatum to isolate the 

mechanisms underlying the transmission of cortical oscillations to 

MSN population. Here, we have proposed that FSIs can perform an 

important role in transferring cortical oscillations to the striatum 

especially to those MSNs that are not directly driven by the cortical 

oscillations. Further, we have identified multiple factors that influence 

the transfer of oscillations to MSNs. The variables such as the number 

of activated neurons, ongoing activity, connectivity, and synchronicity 

of inputs influence the transfer of oscillations by modifying the levels 

of feedforward and feedback inhibitions. Therefore, pharmaceuticals 

that target fast-spiking interneurons may provide a novel treatment for 

regaining the spectral characteristics of striatal activity that correspond 

to the healthy state.  

• We extended our previous model in order to further explore the 

interactions in the striatal network with different oscillation 

frequencies. Our results indicate that interactions between those 

frequencies depend on many stimulation parameters. We show that the 

features of these oscillations, including amplitude and frequency 

fluctuations, can be influenced by a change in the input intensities onto 

MSNs or FSIs and that these fluctuations are also highly dependent on 

the selected frequencies. These data suggest that the striatum can 



 

64 

 

exploit different parameters to impact the interference between 

oscillatory signals.  

Project Ⅲ 

• In the striatum, intermittent spatiotemporal activity was found to 

correlate with cortical avalanches. However, striatal negative LFP 

peaks did not show avalanche signatures, but formed a cluster size 

distribution that had a much steeper drop-off. In this study, we 

developed an abstract computational model to investigate factors 

underlying the experimental findings and overall information 

transmission among these circuits. We have tested different 

connectivity patterns between cortex and striatum, from linear to those 

with a high threshold for activation of striatal nodes, in order to 

reproduce experimental data. Specifically, under the assumption of 

particularly high activation threshold of striatal nodes, we can 

reproduce power law-like distributions with a coefficient similar to the 

one found experimentally. 

• When we added inhibition to our model, cluster size distributions had 

prominently earlier deviation from the power law distribution (lower 

probability for large events) compared to the case when inhibition was 

not present. The same statistics were observed in the case of globally 

as well as locally applied inhibition. Intrastriatal inhibition shapes also 

striatal activity by decorrelating the output rate across striatal nodes as 

well as between cortical and striatal nodes, and this was reflected in 

reduced firing rate and duration of clusters. 

• Further, when the system was hyperexcitable and inhibitory synaptic 

transmission was reduced, the distribution had an increased likelihood 

for large activity clusters. Increased activity in the cortex strongly 

influenced striatal dynamics, which was reflected in a less negative 

slope of cluster size distributions in the striatum and increased firing of 

striatal nodes. 

 

The above findings open the doors to follow up questions that will be 

investigated thoroughly in future work: 

 

• Directionality of effective connectivity and cross-frequency coupling 

during healthy and previously studied disease states that incorporates 

other BG nuclei besides the striatum. 
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• The role of different frequency ranges and the mechanisms involved in 

their integration within and between different BG nuclei.  

• Use of detailed neuron models in the striatum to study the influence of 

dendritic morphology and special distribution of synaptic inputs on 

transferring of oscillations to the striatum. 

• Extension of the existing striatal model by including ACh and NGF 

neurons in order to study their interactions and functional role within 

the striatal circuitry.  
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