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It can scarcely be denied that the supreme goal 
of all theory is to make the irreducible basic 
elements as simple and as few as possible 
without having to surrender the adequate 
representation of a single datum of experience. 

Albert Einstein 
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 12 General Introduction 

1.1 Preface 

Parkinson’s disease (PD) is a neurodegenerative movement 
disorder. As of 2005, approximately 4.1 to 4.6 million PD 
patients have been reported and it is projected that this 
number would reach 8.7-9.3 million by 2030, worldwide 
(Dorsey et al. 2007). Disease onset usually occurs around the 
age of 50, although PD is now being reported in people at 
much younger ages. Cardinal motor symptoms of PD include 
tremor, rigidity, akinesia and slowness of movement; while 
combination of symptoms exhibited and severity of each 
symptom varies from patient to patient. PD results from the 
loss of dopaminergic neurons in a small nucleus in the brain, 
the substantia nigra pars compacta (SNc). The SNc is part of a 
group of nuclei known as the Basal Ganglia (BG) which among 
others contribute to motor control. First symptoms of PD are 
observed when approximately 75-80 % of dopaminergic 
neurons are lost in the SNc. Loss of dopaminergic neurons in 
the SNc leads to an imbalance of activity patterns in brain 
regions involved with motor control. 
Specific causes underlying degeneration of dopaminergic 
neurons remain unknown and a treatment which can stop the 
progression or reverse the effects of PD has not yet been 
found. Treatments available for PD are symptomatic. In the 
early stages of PD, different types of medication are used in 
order to increase dopamine levels and subsequently suppress 
the motor symptoms. These include dopamine replacement 
therapy (i.e. Levodopa), dopamine agonists, monoamine 
oxidase (MAO) - inhibitors or Catechol-O-methyl transferase 
(COMT) - inhibitors. Efficacy of medication decreases as time 
progresses since degeneration of dopaminergic neurons 
continues and in some patients severe side effects are 
observed (Obeso et al. 2000). Therefore, in the later stages of 
PD, surgical techniques such as lesioning or Deep Brain 
Stimulation (DBS) of specific brain regions are used (Benabid 
et al. 1991). Surgical techniques give rise to suppression of PD 
motor symptoms and in some cases enable the dosage of the 
medication used to be reduced (Rodriguez-Oroz et al. 2004; 
Wichmann and DeLong 2006).  
Decreased efficacy of medication and side-effects associated 
with irreversible lesioning emphasized the need for 
alternative surgical treatment techniques. DBS is a brain 
pacemaker which involves delivery of high frequency pulses 
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to regions involved in motor control. DBS is a reversible 
surgical technique contrary to lesioning. Stimulation 
parameters used during DBS have been derived 
experimentally and are accepted as benchmark worldwide 
(stimulus frequency 120-180 Hz, stimulus amplitude 1-5 V, 
pulse width 60-200 µs) (Benabid et al. 1991). Despite the 
success of this surgical treatment technique in alleviating PD 
motor symptoms and wide-spread application worldwide, the 
mechanism behind the efficacy of DBS remains unknown 
(Dostrovsky and Lozano 2002; Hammond et al. 2007; 
Wichmann and DeLong 2006). 
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1.2 Basal Ganglia, Parkinson’s Disease and 
Deep Brain Stimulation 

In the late 1980’s, a model for BG function was proposed 
based on experimental data obtained from MPTP treated 
primates (Alexander and Crutcher 1990; Alexander et al. 
1986). This model has revolutionized the field, making it 
possible to identify surgical targets for movement disorders 
such as PD. 

1.2.1 The Classical Model of the Basal Ganglia 

   
Figure 1: The classical model of the Basal Ganglia: the excitatory 
projections between different brain regions are indicated with grey 
lines and the inhibitory projections are indicated with black lines. 
Thickness of the lines indicates the presumed connection strength 
between different regions during A: normal and B: parkinsonian 
states (Alexander and Crutcher 1990; Alexander et al. 1986; Delong 
1990). 

The BG form complex parallel circuits, integrating various 
cortical inputs, and project onto the thalamus, which in turn 
projects back to the cortex, giving rise to the basal ganglia-
thalamocortical loop (Fig. 1) (Alexander and Crutcher 1990; 
Alexander et al. 1986). The cortex projects to the striatum in a 
somatotopically organized fashion. The corticostriatal 
projection has an excitatory effect on the GABAergic striatal 
neurons. The striatal neurons in turn project onto the globus 
pallidus via two distinct pathways: direct and indirect 
pathways. The striatal neurons in the direct pathway project 
to the globus pallidus internum (GPi), and have an inhibitory 
effect on the GPi neurons. The striatal neurons in the indirect 
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pathway project to the globus pallidus externum (GPe), which 
inhibit the subthalamic neurons. The subthalamic neurons 
project onto the GPi neurons via an excitatory pathway. 
Therefore, the striatal neurons in the indirect pathway have 
an overall excitatory effect on the down-stream GPi neurons. 
In the classical model, the output of the BG is determined by 
the opposing effects of the direct and indirect pathways on 
the GPi neurons, which in turn have an inhibitory effect on the 
thalamocortical neurons and the brain stem (Alexander and 
Crutcher 1990; Alexander et al. 1986). Experiments have 
shown that during movement, activity in the GPi is 
suppressed; giving rise to the hypothesis that facilitation of 
the direct pathway gives rise to facilitation of movement 
while facilitation of the indirect pathway gives rise to 
suppression of movement (Alexander and Crutcher 1990; 
Alexander et al. 1986; Chevalier and Deniau 1990). 
Loss of dopaminergic neurons in the SNc during PD is 
believed to result in reduced inhibition of the striatal neurons 
in the indirect pathway and reduced excitation of the striatal 
neurons in the direct pathway, according to the classical 
model (Fig. 1B). Together, this results in an imbalance of 
activity in the direct and indirect pathways and leads to 
excessive inhibition of the GPe neurons and reduced 
inhibition of the GPi neurons (Fig. 1B). Therefore, during PD, 
the subthalamic and GPi neurons exhibit elevated activity 
levels; leading to excessive inhibition of the thalamocortical 
neurons and the brain stem (Alexander and Crutcher 1990; 
Alexander et al. 1986). 
Surgical targets used in the treatment of PD have been chosen 
based on the classical model. Applying lesions to the 
subthalamic nucleus (STN) or the GPi leads to a reduction in 
the activity levels of these hyper-active nuclei, resulting in 
marked improvement in the PD motor symptoms (Benazzouz 
et al. 2000; Boraud et al. 1996). Later on, it was discovered 
that applying DBS to the STN or the GPi gives rise to similar 
clinical outcomes as lesioning these regions (Dostrovsky and 
Lozano 2002; Wichmann and DeLong 2006). 

1.2.2 The revised model of the Basal Ganglia 

There are several issues which are not addressed by the 
above mentioned classical model of the BG (Obeso et al. 
2000). Recent immunostaining studies point out that striatal 
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neurons in the direct and indirect pathways are not as 
segregated as it is proposed by the classical model (Aizman et 
al. 2000; Yung et al. 1996). Moreover, it has been observed 
that connection levels between the striatal neurons increase 
significantly following dopamine depletion (Onn and Grace 
1999). Dopamine has been shown to have a modulatory effect 
on the excitability of the striatal neurons rather than having a 
direct excitatory or inhibitory effect (Chase and Oh 2000; 
Kotter 1994). In the classical model, the effect of dopamine is 
limited to the striatum while there is growing evidence 
indicating that the effect of dopamine on the basal ganglia-
thalamocortical loop is much more extensive, affecting more 
nuclei than originally anticipated (Joel and Weiner 2000; 
Smith and Kieval 2000). 
In the classical model, hyperactivity of the subthalamic 
neurons during PD is explained via the increased inhibition of 
the GPe neurons. There is growing experimental evidence 
indicating that hyper-activity of the subthalamic neurons 
could arise from the interaction of many other mechanisms. 
The subthalamic neurons receive excitatory input from the 
cortex via the hyper-direct pathway and it has been noted 
that in 6-OHDA lesioned rats, activity levels in the STN 
increase prior to depletion of the striatal dopamine and that 
hyper-activity of the subthalamic neurons is not necessarily 
accompanied by a reduction in the GPe activity levels (Bezard 
et al. 1999; Hartmannvonmonakow et al. 1978; Nambu et al. 
1996; Nambu et al. 2002; Obeso et al. 2000; Vila et al. 2000). 
Additionally, loss of dopaminergic neurons in the SNc could 
have a direct effect on the subthalamic neurons and it has 
been shown that dopamine modulates firing patterns of the 
subthalamic neurons (Brown et al. 2001; Levy et al. 2002). 

1.2.3 Paradox of Deep Brain Stimulation 

Remarkably, both lesioning and DBS of a specific brain region 
leads to alleviation of PD motor symptoms (Dostrovsky and 
Lozano 2002; Wichmann and DeLong 2006). The similarity in 
clinical outcomes obtained from lesioning or high frequency 
stimulation have perplexed researchers regarding the 
mechanism behind the efficacy of DBS. Based on the classical 
model, one would expect that high frequency stimulation of 
the hyper-active nuclei such as the STN or the GPi would 
reduce the activity patterns at the stimulated nucleus in order 
to result in alleviation of PD motor symptoms (Dostrovsky 
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and Lozano 2002). Experimental studies have supported this 
hypothesis indicating that activity levels at the stimulated 
nucleus do indeed decrease (Benazzouz et al. 2000; Boraud et 
al. 1996). But it was not too long before these experimental 
results were challenged by contradicting evidence indicating 
that despite a decrease in the activity levels in the STN due to 
stimulation, activity of the down-stream GPi neurons 
increased (Hashimoto et al. 2003) and changes in firing rate 
exhibited dependency on DBS frequency (Dorval et al. 2008). 
Experiments by Hashimoto et al. (2003) were the first 
experiments showing down-stream effects of DBS; suggesting 
that clinical efficacy of DBS might not be due to reversible 
lesioning of the stimulated nucleus. The clinical study of 
Holsheimer et al. (2000) and the computational studies of 
McIntyre et al. (2004a and 2004b) provided a plausible 
explanation accommodating these two seemingly paradoxical 
experimental observations: somatic block at the stimulated 
nucleus and down-stream activation during DBS (Hahn et al. 
2008; Holsheimer et al. 2000; Johnson and McIntyre 2008; 
McIntyre et al. 2004a; McIntyre et al. 2004b; McIntyre et al. 
2004c; Miocinovic et al. 2006). These studies have shown that 
DBS inactivates cell bodies and activates passing fibers; hence 
transmitting the DBS induced high frequency activity patterns 
to down-stream nuclei (Hahn et al. 2008; Johnson and 
McIntyre 2008; McIntyre et al. 2004b; McIntyre et al. 2004c; 
Miocinovic et al. 2006).  
Researchers were faced with a movement disorder strongly 
correlated with increased activity levels of the GPi and a 
surgical treatment technique alleviating the PD motor 
symptoms by further increasing the GPi activity levels 
(Hashimoto et al. 2003; Obeso et al. 2000). This has given rise 
to a departure from the firing-rate based models for PD and 
opened the door to activity pattern based depictions (Obeso 
et al. 2000).  

1.2.4 Oscillations and the Basal Ganglia  

The BG neurons possess the essential cellular dynamics for 
exhibiting oscillatory activity patterns (Bevan et al. 2002; 
Boraud et al. 2005). At a neuronal level, oscillatory activity 
patterns are generated as a result of the interaction between 
slow and fast membrane currents and the modulatory effect 
slow currents have on the faster membrane dynamics 
(Izhikevich 2000). Oscillations have been recorded from 



 18 General Introduction 

different BG nuclei, both at a single cell level and at a neuronal 
population level. Furthermore, the theoretical model put 
forward by Terman et al. (2002) has demonstrated that a 
network of subthalamic and GPe neurons can exhibit both 
irregular firing patterns and synchronized oscillations 
depending on the level of inhibition the GPe neurons receive 
from the striatum via the indirect pathway (Terman et al. 
2002).  
Local field potential (LFP) recordings made in the putamen 
and caudate of macaque monkeys performing visuo-motor 
tasks have shown episodic oscillatory activity patterns in the 
beta frequency band (13-30 Hz) (Courtemanche et al. 2003). 
It has also been observed that beta band oscillations recorded 
from different locations inside the putamen and caudate are 
synchronized and that the level of synchrony and content of 
the beta band oscillations vary depending on the task being 
performed (Courtemanche et al. 2003). Use of DBS for the 
treatment of PD has enabled researchers to record LFPs from 
nuclei such as the STN or the GPi, while patients are 
performing voluntary motor tasks (Kuhn et al. 2004). A 
decrease in the beta band activity has been observed in the 
LFPs recorded from the STN prior to execution of externally 
paced voluntary movement (Kuhn et al. 2004). In the same 
study, it has also been reported that beta band activity is 
modulated differently depending on whether movement will 
be facilitated or suppressed (Kuhn et al. 2004). Additionally, 
level of synchrony in the beta band is reported to be context 
and task dependent (Kuhn et al. 2004).  
On the other hand, during PD, the BG exhibit continuous 
synchronized oscillatory activity patterns, predominantly in 
the beta frequency band (Boraud et al. 2005; Brown 2003; 
Brown et al. 2001; Cassidy et al. 2002; Chen et al. 2007; 
Hammond et al. 2007; Kuhn et al. 2008; Kuhn et al. 2006; 
Kuhn et al. 2005; Kuhn et al. 2009; Kuhn et al. 2004; 
Trottenberg et al. 2006). It has been demonstrated that 
oscillatory activity patterns observed in the BG are strongly 
correlated with PD motor symptoms (Chen et al. 2007). It has 
also been reported that dopamine replacement therapy (i.e. 
Levodopa) leads to suppression of continuous synchronized 
oscillatory activity patterns in the beta band and 
enhancement of gamma band activity patterns (Kuhn et al. 
2006). This observation has lead to the hypothesis that during 
PD, pathological synchronization which occurs in the basal 



 19 Chapter 1 

ganglia-thalamocortical loop is disrupted and suppressed by 
the treatment techniques used for the alleviation of PD motor 
symptoms such as Levodopa, lesioning and DBS (Brown 2003; 
Kuhn et al. 2008; Kuhn et al. 2006).  

1.2.5 Paradox of Deep Brain Stimulation re-visited 

DBS which owes its clinical success to the classical model of 
the BG (Alexander and Crutcher 1990; Alexander et al. 1986) 
has enabled acquisition of neuronal data from sub-cortical 
structures which have been used to revise the classical model. 
LFPs and single unit recordings have shown that firing 
patterns together with firing rate play a crucial role in normal 
functioning and in pathophysiology of the BG nuclei. While 
episodic activity patterns in the beta band contribute to 
normal functioning of the BG nuclei, continuous synchronized 
activity patterns in the same frequency band disrupt this 
function during PD. It is now hypothesized that DBS 
regularizes BG activity patterns and disrupts generation of 
continuous synchronized oscillations, alleviating PD motor 
symptoms. Experimental recordings obtained from the GPe, 
GPi and ventral part of the thalamus during STN-DBS have 
shown regularization in activity patterns providing 
corroborative evidence for the afore mentioned hypothesis 
(Dorval et al. 2008; Hashimoto et al. 2003). 

1.2.6 Deep Brain Stimulation Parameters 

An inverse relationship between DBS frequency and intensity, 
required to suppress PD motor symptoms, has been reported: 
i.e. as DBS frequency is reduced, stimulus intensity should be 
increased in order to sustain clinical efficacy (Benabid et al. 
1991). Experimental work of Dorval et al. (2008) have 
highlighted that high frequency stimulation results in 
regularization of overtly synchronized BG activity patterns 
while low frequency stimulation is not as effective as high 
frequency stimulation for the same stimulus intensity. 
With the realization that PD is associated with increased 
activity patterns in specific frequency bands and is not only 
dependent on changes in firing rate, research has been 
focused on whether frequencies less than the currently used 
stimulation frequencies could be used in the treatment of PD. 
Recent studies conducted by Neagu et al. (2009) and Tsang et 
al. (2009) indicate that stimulating at frequencies in the lower 
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gamma frequency band can lead to suppression of 
synchronized activity patterns in the beta band, similar to 
high frequency stimulation (Neagu et al. 2009; Tsang et al. 
2009). Specific frequencies to be used during DBS have been 
derived in a patient specific manner in these studies (Neagu 
et al. 2009; Tsang et al. 2009). 
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1.3 Thesis Outline 

There exists several competing hypothesis regarding the 
mechanism of DBS and why specifically high frequency 
stimulation is needed for suppression of PD motor symptoms. 
Theoretical and experimental studies at a neuronal and 
population level continue to shed light on the mechanism of 
DBS. In this thesis, we employ computational models in order 
to test certain hypothesis put forward in the field regarding 
the mechanism of DBS and efficacy of high frequency 
stimulation. Moreover, we make use of cellular recordings in 
order to test the validity of specific observations made using 
computational models. We incorporate population level 
recordings obtained from PD patients into a theoretical 
population level model in order to infer possible neuronal 
mechanisms giving rise to the recordings. Last but not least, 
we analyze experimental recordings obtained from PD 
patients and assess which signal properties are selective to 
certain brain regions of interest. 

1.3.1 Utilizing theoretical models for investigating 
mechanism of Deep Brain Stimulation 

A computational model put forward by Rubin and Terman 
(2004) investigated synchronous oscillatory activity patterns 
in the BG and the effect of high frequency stimulation (Rubin 
and Terman 2004; Terman et al. 2002). It has been 
highlighted in these studies that the subthalamic and GPe 
neurons exhibit oscillatory activity patterns depending on the 
level of inhibition the GPe neurons receive from the striatum. 
They have also suggested that during PD, relay fidelity of the 
thalamocortical relay neurons which receive phasic inhibitory 
input from the GPi is impaired and high frequency stimulation 
restores functionality of the thalamocortical relay neurons by 
replacing the phasic inhibition these neurons receive with 
constant inhibition (Rubin and Terman 2004). 
In the second chapter of this thesis, we built upon the 
theoretical model of Rubin and Terman (2004) and 
investigated using a computational model how DBS 
parameters modulate the BG network and the down-stream 
thalamocortical relay neurons. We observed that during PD, 
the thalamocortical relay neurons are predominantly driven 
by oscillatory activity patterns from the BG and DBS 
suppresses relay of pathological BG oscillations and restores 
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the excitatory inputs that the thalamocortical relay neurons 
receive as the principal drivers of the thalamocortical output. 
We observed an inverse relationship between DBS frequency 
and amplitude, needed to suppress relay of pathological BG 
oscillations to the cortex. The inverse relationship is 
dependent on the BG network dynamics and the cellular 
properties of the thalamocortical relay neurons. High 
frequency stimulation is more effective in regularizing and 
de-synchronizing the BG activity patterns and in modulating 
membrane dynamics of the thalamocortical relay neurons.  
In chapter 3, we investigated membrane properties of a 
thalamocortical relay neuron using numerical bifurcation 
analysis and observed that the thalamocortical relay neuron 
exhibits bistability (i.e. non-spiking or sub-threshold 
oscillations and rebound spiking locked to the bursting 
frequency of the pre-synaptic GABAergic GPi neurons). The 
thalamocortical relay neuron model is also used to investigate 
possible mechanisms underlying the existence of a clinically 
effective stimulation window, i.e. low stimulation amplitude 
and high frequency. To this end, we studied the effect of DBS 
parameters on thalamocortical relay of excitatory cortical 
inputs and pathological BG oscillations. We observed that low 
amplitude high frequency stimulation suppressed relay of 
pathological BG oscillations. However, excessively high 
amplitude high frequency stimulation blocked relay of 
excitatory cortical inputs. Together, this gave rise to a 
parameter window, where relay of low frequency oscillatory 
BG input is suppressed and relay of excitatory cortical input is 
preserved. 

1.3.2 Parameters used during Deep Brain Stimulation 

As an extension to the theoretical models, in chapter 4, we 
investigated whether theoretical observations regarding DBS 
parameter dependency of thalamocortical function can be 
reproduced experimentally. To this end, we conducted patch 
clamp experiments using an in-vitro slice preparation. 
Together with the validation that our theoretical model can 
be reproduced experimentally, we also observed that high 
frequency stimulation suppresses relay of oscillations by the 
thalamocortical relay neurons at specific phases of the 
inhibitory oscillatory input. Building on this observation, we 
applied phase locked pulses at different phases of the 
inhibitory oscillation and observed that when the pulse is 
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applied at the right phase of the oscillation, relay of 
oscillations by the thalamocortical relay neuron is suppressed 
comparable to high frequency stimulation. 

1.3.3 Deep Brain Stimulation and target localization 

In chapter 5, we investigated use of various signal processing 
techniques and developed an automatic STN detection 
algorithm based on a large number of surgical microelectrode 
recordings (MER). First, we determined which signal features 
extracted from the MERs reliably distinguish the STN from 
the surrounding structures and how selective these measures 
were. The algorithm developed, used combinations of 
measures to take into account variability among patients. To 
ensure that the algorithm could be extended to be used 
during surgery, it was tested on data which was not pre-
processed and cleaned, and additionally, all methods used in 
the algorithm were chosen such that translation to a real-life 
system could be attainable. 

1.3.4 Merging neuronal recordings with theoretical 
models 

Basing theoretical models on experimental recordings and 
observations is crucial for the reliability of the theoretical 
models developed. Single unit recordings have been 
incorporated into theoretical models which were then used 
for investigating mechanisms of DBS (Guo et al. 2008). In 
addition to single unit recordings, population level recordings 
can also be obtained such as electroencephalograms (EEG) 
from cortical regions and LFPs from sub-cortical regions. 
Dynamic Causal Modeling is a theoretical framework which 
can be used to infer underlying network dynamics from these 
population level recordings through optimization of neural 
mass model parameters given a set of recordings and a 
network topology. In chapter 6, we investigated use of 
dynamic causal modeling to study modulatory effects of 
dopamine on connectivity strengths within the basal ganglia-
thalamocortical loop. To this end, EEG recordings obtained 
during STN-DBS were used both when the patients were off 
Levodopa and when the patients were on Levodopa. Variants 
of the model which differed with respect to connections that 
were allowed to exhibit dopamine dependent changes were 
compared using Bayesian Model Comparison. This 
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comparison was used to establish which connectivity changes 
within the basal ganglia-thalamocortical loop best explain the 
differences in the recordings arising from administration of 
Levodopa. 
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Experimental measurements: from micro to macro 
Cellular recordings 
Patch clamp: Patch clamp technique allows the study of 
single/multiple ion channel(s) or whole cell. There are different 
types of patch-clamp experiments such as on-cell patch, and 
whole-cell patch. Depending on the type of patch-clamp 
experiment performed different membrane properties can be 
studied. Patch clamp experiments have been extensively utilized 
in defining membrane properties of different types of neurons 
and in building up detailed theoretical models, capturing 
various ion channel properties. Intracellular MERs allows one to 
record the potential difference between the intra-cellular space 
and a reference electrode. Intracellular MERs were used 
extensively by Hodgkin and Huxley who later on introduced 
voltage-clamp technique which is used to keep voltage across 
the membrane constant.  

Population level recordings 
Local Field Potential (LFP): LFP is a type of extracellular MER. 
LFP captures the slow dynamics and reflects synchronized 
activity patterns of a network of neurons. Synchronized activity 
patterns captured by LFPs reflect both synchronized sub-
threshold oscillations and synchronized spike patterns. During 
PD for instance, LFPs obtained from different BG nuclei have 
components in the theta and beta frequency bands reflecting the 
synchronized oscillatory activity patterns exhibited by 
underlying neuronal units.  

Electroencephalography (EEG): EEG recordings similar to LFPs, 
reflects synchronized activity patterns of underlying neurons. 
EEGs are generally obtained using electrodes placed on the 
scalp of the subject. 

Hybrid recordings 
Microelectrode recording (MER): MER is generally used during 
surgical procedures or during in-vivo/in-vitro experiments to 
record single/multiple unit activity patterns. Extracellular MERs 
record electrical activity of neuron(s) in the vicinity of the 
recording electrode. Types of signals that can be captured by 
extracellular MERs are usually fast electrical events such as 
action potentials. Extracellular MERs also capture the activity of 
the surrounding neurons thus enabling the study of both unit 
and population activity patterns. 
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Computational models: from micro to macro 
Cellular models 
Hodgkin and Huxley made use of intra-cellular recordings and 
voltage-clamp technique to study the ionic mechanisms 
underlying an action potential. Based on these cellular 
recordings, they developed sets of equations capturing the basic 
ionic mechanisms resulting in an action potential. Majority of 
single cell models used today are based on the formalism put 
forward by Hodgkin and Huxley, first published in 1952. 
Cellular morphology can be incorporated into a multi 
compartment model where each compartment is described by a 
group of interacting ion channels. Conversely, dependency on 
the cellular morphology and dimensions can be removed and 
the neuron can be represented as a point process. 

Population models 
Large scale neural populations can be represented via neural 
mass models where dynamics of individual neurons making up 
the population are lumped together into series of coupled 
equations. Neural mass models can be used to study 
spontaneous or event related oscillations at a population level. 
These models can also be used to investigate physiological 
mechanisms underlying LFPs where population dynamics are 
represented as an overall increase or decrease in the firing rate 
of the population. 
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Abstract 

In this computational study, we investigated 1) functional 
importance of correlated Basal Ganglia (BG) activity 
associated with Parkinson’s disease (PD) motor symptoms by 
analyzing effects of globus pallidus internum (GPi) bursting 
frequency and synchrony on a thalamocortical (TC) relay 
neuron, which received GABAergic projections from this 
nucleus; 2) effects of subthalamic nucleus (STN) Deep Brain 
Stimulation (DBS) on the TC relay neuron’s response to 
synchronized GPi oscillations; and 3) functional basis of the 
inverse relationship that has been reported between DBS 
frequency and stimulus amplitude, required to alleviate PD 
motor symptoms (Benabid et al., Lancet, 337, 403-406, 1991). 
The TC relay neuron selectively responded to and relayed 
synchronized GPi inputs bursting at a frequency located in the 
range of 2-25 Hz. Input selectivity of the TC relay neuron is 
dictated by low threshold calcium current dynamics and 
passive membrane properties of the neuron. STN-DBS 
prevented the TC relay neuron from relaying synchronized 
GPi oscillations to cortex. Our model indicates that DBS alters 
BG output and input selectivity of the TC relay neuron; 
providing an explanation for the clinically observed inverse 
relationship between DBS frequency and stimulus amplitude.  
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2.1 Introduction 

Deep Brain Stimulation (DBS) is a treatment for late stage 
Parkinson’s disease (PD) during which high-frequency 
electrical stimuli are chronically delivered to targets such as 
subthalamic nucleus (STN), globus pallidus internum (GPi) or 
ventral intermediate nucleus of the thalamus (Th). Clinically 
effective stimulation parameters (120-180 Hz stimulus 
frequency, 1-5 V stimulus amplitude and 60-200 µ𝑠 pulse 
width) have been determined empirically and are accepted as 
benchmark worldwide (Benabid 2003). Benabid et al. (1991) 
observed an inverse relationship between stimulation 
frequency and amplitude, indicating that for lower 
stimulation frequencies, suppression of PD motor symptoms 
can only be achieved with increased stimulus amplitude 
(Benabid et al. 1991; Gao et al. 1999; Moro et al. 2002; 
Rizzone et al. 2001). 
PD motor symptoms (e.g. bradykinesia, rigidity and tremor) 
are directly correlated with enhanced synchronized activity of 
the Basal Ganglia (BG) in the theta (3.5-7 Hz) and beta (13-30 
Hz) bands (Brown and Williams 2005; Chen et al. 2007; Levy 
et al. 2002; Levy et al. 2000). It has also been noted that 
suppression of PD motor symptoms due to treatment (e.g. L-
dopa, DBS) is linked to suppression of synchronized BG 
activity in these frequencies (Brown et al. 2004; Brown et al. 
2001; Brown and Williams 2005). Based on these 
observations, Brown (2003) hypothesized that thalamus 
relays anti-kinetic BG oscillation frequencies to cortex (CTX), 
giving rise to PD motor symptoms and that DBS results in 
alleviation of the motor symptoms by suppressing enhanced 
activity in the theta and beta bands in the thalamo-cortico-
basal ganglia loop (Brown 2003). 
Despite high clinical efficacy of DBS, a consensus regarding 
the underlying mechanism of action is lacking (Dostrovsky 
and Lozano 2002). Experimental studies have indicated that 
DBS results in somatic block and subsequent elimination of 
enhanced synchronized activity in the BG, giving rise to 
alleviation of PD motor symptoms (Beurrier et al. 2001; Tai et 
al. 2003). Nevertheless, modelling studies suggested that 
myelinated axons, within the activation field of the electrode, 
can exhibit synchronous activity at the DBS frequency, despite 
block of neuronal activity at the soma (Holsheimer 2002; 
McIntyre et al. 2004). Activation of axons during DBS could 
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potentially spread the high-frequency activity to other nuclei, 
under the assumption that synaptic depression and/or 
depolarization block do not occur (Brown et al. 2004; 
Hashimoto et al. 2003; Lozano et al. 2002; Miocinovic et al. 
2006). Building on these observations, Rubin and Terman 
(2004) have demonstrated that thalamocortical (TC) relay 
capability is restored, due to low threshold calcium current 
dynamics, when the oscillatory BG input to the neuron is fully 
overwritten by high-frequency input (Rubin and Terman 
2004). However, this study does not specifically address for 
which conditions BG oscillations are relayed by TC relay 
neurons to CTX and the mechanism behind the frequency-
amplitude dependency of DBS. To address these issues, we 
investigate TC relay neuron frequency selectivity during PD 
and STN-DBS and based on cellular dynamics, provide an 
explanation for the inverse relationship between DBS 
frequency and stimulus amplitude.  
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2.2 Materials and Methods  

In this paper, we have investigated frequency selective 
properties of TC relay neurons during PD using two TC relay 
neuron models; a morphologically realistic multi-
compartment model and a single compartment model (Table 
1 and Appendix). We have also studied the changes that occur 
in frequency selective properties of TC relay neurons during 
STN-DBS by incorporating a BG network model (Rubin and 
Terman 2004) projecting onto the single compartment TC 
relay neuron model (Fig. 1). 

 
Figure 1: Nuclei and connections incorporated in the network 
model, which is used in the simulations investigating effects of STN-
DBS on the TC relay neuron functionality: Solid lines indicate 
inhibitory synaptic connections between nuclei while dash lines 
indicate excitatory synaptic connections between nuclei. External 
inputs (e.g. DBS, projection from striatum to GPe, striatum to GPi, 
projection from CTX to STN or projection from CTX to Th) are 
indicated by dash – dot lines.   

Section A: TC Frequency Selectivity during PD 

2.2.1 Multi-compartment and single compartment TC 
relay neuron model 

The multi-compartment TC relay neuron model consisting of 
208 compartments (Destexhe et al. 1998; Huguenard and 
Prince 1992) was downloaded from ModelDB (http:// 
senselab.med.yale.edu/modeldb/) and simulated in the 
NEURON environment (Hines and Carnevale 1997). The 
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membrane current equation for compartment 𝑖 connected to 
𝑘 branches that relate the voltage 𝑉𝑖 to the membrane current 
𝐼𝑖𝑜𝑛 is: 

𝐶𝑚 �
𝑑𝑉𝑖
𝑑𝑡
� = −(𝐼𝑁𝑎,𝑖 + 𝐼𝐾,𝑖 + 𝐼𝑇,𝑖 + 𝐼ℎ,𝑖 + 𝐼𝐾𝑠,𝑖 + 𝐼𝑁𝑎𝑙𝑒𝑎𝑘,𝑖 + 𝐼𝐾𝑙𝑒𝑎𝑘,𝑖

+𝐼𝐺𝑃𝑖−𝑇ℎ,𝑖 − (𝑉𝑖−1 − 𝑉𝑖)𝑔𝑖−1,𝑖 − ∑ (𝑉𝑖+𝑘 − 𝑉𝑖)𝑔𝑖,𝑖+𝑘)𝑘

     (1) 

Detailed analysis was performed on a simplified single 
compartment model representing the soma of the TC relay 
neuron which was implemented in MATLAB (Mathworks, 
Inc). Membrane potential (𝑉𝑚) of the single compartment 
model is described by: 

𝐶𝑚 �
𝑑𝑉𝑚
𝑑𝑡
� = −(𝐼𝑁𝑎 + 𝐼𝐾 + 𝐼𝑇 + 𝐼ℎ + 𝐼𝐾𝑠 + 𝐼𝑁𝑎𝑙𝑒𝑎𝑘 + 𝐼𝐾𝑙𝑒𝑎𝑘

+𝐼𝐺𝑃𝑖−𝑇ℎ + 𝐼𝐶𝑇𝑋−𝑇ℎ + 𝐼𝑎𝑝𝑝)
                (2) 

Ion current descriptions and maximum ion channel 
conductance used in the single compartment model and the 
multi-compartmental model can be found in the Appendix 
and Table 1. 

𝑬𝑵𝒂  45 mV 
𝑬𝑲  -95 mV 
𝑬𝒉  -43 mV 
𝒈𝑵𝒂  0.03 S/cm
𝒈𝑲  

2 

0.003 S/cm2 

𝒈𝑲𝒔  0.0007 S/cm
𝒈𝒉  

2 

0.0005 S/cm2 

𝒈𝑵𝒂𝒍𝒆𝒂𝒌  0.000015 S/cm
𝒈𝑲𝒍𝒆𝒂𝒌  

2 
0.00005 S/cm

Table 1: Parameters for the soma and the dendritic tree of the TC 
relay neuron 

2 

2.2.2 GPi projection in the multi-compartment model 

Neuronal tracings indicate that a group of GPi neurons 
converge on a single TC relay neuron (Smith et al. 1998). We 
modelled the effect of the GABAergic GPi projection by 
implementing conductance based exponential synapses (Eqs. 
1 and 3). At compartment 𝑖, synaptic density (𝜌) was 
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equivalent to 0.025 synapses per μm2

𝐼𝐺𝑃𝑖−𝑇ℎ,𝑖(𝑡) = 1
𝐴𝑖
�∑ 𝑔𝐺𝐴𝐵𝐴,𝑗(𝑡)(𝑉𝑖 − 𝐸𝐺𝐴𝐵𝐴𝑗 )� 0 ≤ 𝑗 ≤ ⌊𝐴𝑖𝜌⌋           (3) 

 (Smith et al. 1998). 
Total number of synapses at a given compartment was set to 
the floor of 𝐴𝑖𝜌 i.e. rounded down to the nearest integer 
(⌊𝐴𝑖𝜌⌋), where 𝐴𝑖  is the area of compartment 𝑖. 

𝑔𝐺𝐴𝐵𝐴,𝑗 is the conductance of synapse 𝑗 and 𝐸𝐺𝐴𝐵𝐴 is the 
synaptic reversal potential (-85 mV) (Kim et al. 1997; 
McIntyre et al. 2004; Rubin and Terman 2004; Terman et al. 
2002). 
At synapse 𝑗, an artificially generated spike train, modelling 
the firing pattern of a single pre-synaptic GPi neuron, was 
received. Artificially generated spike train contained bursts of 
50 ms duration, which consisted of 8 spikes on average (Raz 
et al. 2000; Wichmann et al. 2002). The time interval between 
bursts modelled the bursting frequency (𝑓𝐺𝑃𝑖) of a GPi neuron 
and the variation between burst arrival times (𝛿𝑡 =
 𝑁(0,𝜎)𝑡𝑠𝑡𝑎𝑟𝑡) at different synapses was used as a measure of 
correlation level (𝐶) between pre-synaptic GPi neurons (Raz 
et al. 2000). When the correlation was 0 ≤  𝐶 ≤  1, spike 
arrival times were normally distributed with mean 0 and 
variance (𝜎) of (1 − 𝐶)/𝐶. When a spike was observed at 
synapse 𝑗; 𝑔𝐺𝐴𝐵𝐴,𝑗  was instantaneously incremented by 0.5 nS 
and decayed exponentially with a time constant of 10 ms 
(Rudolph and Destexhe 2006). 

2.2.3 GPi projection in the single compartment model 

In order to reflect the essential properties of the multi 
compartment synaptic input (Supplementary material), the 
GABAergic GPi projection was modelled as an oscillatory 
signal with phase noise: 

𝐼𝐺𝑃𝑖−𝑇ℎ(𝑡) = 𝑔𝐺𝑃𝑖−𝑇ℎ�1 + 𝛼 sin�𝜑(𝑡)��(𝑉𝑚 − 𝐸𝐺𝐴𝐵𝐴)           (4) 

where 𝐸𝐺𝐴𝐵𝐴 is the synaptic reversal potential (-85 mV) (Kim 
et al. 1997; McIntyre et al. 2004; Rubin and Terman 2004; 
Terman et al. 2002), 𝑔𝐺𝑃𝑖−𝑇ℎ is the mean synaptic 
conductance, 𝛼 is the modulation depth (between 0 and 1) 
and 𝜑(𝑡) is the phase of the oscillatory conductance change. 
The temporal evolution of the phase 𝜑(𝑡) of the oscillatory 
input is modelled by: 
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𝜑(𝑡 + 𝑑𝑡) = 𝜑(𝑡) + 2𝜋𝑓𝐺𝑃𝑖𝑑𝑡 + 𝑁(0,𝜎)√𝑑𝑡            (5) 

where 𝑓𝐺𝑃𝑖 defines the average bursting frequency of the GPi 
input and 𝑁(0,𝜎) defines the phase noise as a random 
number drawn from a normal distribution with mean 0 and 
variance 𝜎. 

2.2.4 Cortical projection in the single compartment 
model 

In addition to the GABAergic GPi input, TC relay neurons 
receive excitatory projections from the pre-motor and 
supplementary motor CTX. Connections between TC relay 
neurons and CTX are predominantly reciprocal but can also 
contain non-reciprocal components (McFarland and Haber 
2002). The relaying capability of the TC relay neuron in the 
physiological state, during PD and STN-DBS, was tested with 
excitatory, conductance based, synaptic current 𝐼𝐶𝑇𝑋−𝑇ℎ, 
modelling the cortical input (Guo et al. 2008; Pirini et al. 
2009; Rubin and Terman 2004)       

𝐼𝐶𝑇𝑋−𝑇ℎ = 𝑔𝐶𝑇𝑋−𝑇ℎ𝐻(sin(2𝜋𝑡𝑓𝐶𝑇𝑋))
�1 − 𝐻(sin(2𝜋(𝑡 + 𝛿𝐶𝑇𝑋)𝑓𝐶𝑇𝑋))�(𝑉𝑚 − 𝐸𝐺𝑙𝑢𝑡)

            (6) 

where 𝑔𝐶𝑇𝑋−𝑇ℎ is the mean synaptic conductance, 𝑓𝐶𝑇𝑋 is the 
frequency and 𝛿𝐶𝑇𝑋 is the duration of the cortical input. The 
reversal potential for the cortical synaptic input (𝐸𝐺𝑙𝑢𝑡) is set 
at 0 mV. H refers to the Heaviside step function, where 𝐻(𝑥) is 
zero for 𝑥 < 0 and is equivalent to 1 when 𝑥 > 0.  

Section B: TC Frequency Selectivity during DBS 

2.2.5 Network model 

The BG network model used in order to investigate frequency 
selective properties of the TC relay neuron during STN-DBS is 
an extension of the network model described in Rubin and 
Terman (2004). STN, globus pallidus externum (GPe) and GPi 
neurons are modelled using single compartment conductance 
based equations (Pirini et al. 2009; Rubin and Terman 2004; 
Terman et al. 2002). We have replaced the TC relay neuron 
model described in Rubin and Terman (2004) with the single 
compartment TC relay neuron described in Section A and 
Appendix (Rubin and Terman 2004). The network model 
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includes 16 STN, 16 GPe, 16 GPi neurons and one TC relay 
neuron. Each STN neuron receives inhibitory input from two 
GPe neurons and each GPe neuron receives excitatory input 
from three STN neurons and inhibitory input from two GPe 
neurons. Each GPi neuron receives excitatory input from 
three STN neurons and inhibitory input from two GPe 
neurons. All GPi neurons project onto the same TC relay 
neuron. Parameters defining the properties of STN, GPE and 
GPi neurons and properties of the network are the same as 
the parameters described in Rubin and Terman (2004) and 
Pirini et al. (2009), unless explicitly mentioned in Appendix. 
The network has only been simulated in the Parkinsonian 
state (Pirini et al. 2009; Rubin and Terman 2004).     
The model includes the following external inputs: 1) striatum 
to GPe (indirect pathway); 2) striatum to GPi (direct pathway) 
3) CTX to STN (hyper-direct pathway) and 4) CTX to TC relay 
neuron (Pirini et al. 2009; Rubin and Terman 2004). Recent 
experimental studies indicate that the hyper-direct pathway 
plays a crucial role in the generation of sustained oscillations 
in the BG nuclei in the beta frequency bands during PD 
(Baufreton et al. 2005; Hammond et al. 2007; Wilson et al. 
2006). Therefore, we included the hyper-direct pathway from 
CTX to STN represented as: 

𝐼𝐶𝑇𝑋−𝑆𝑇𝑁 = 𝑔𝐶𝑇𝑋−𝑆𝑇𝑁(1 + sin(2𝜋𝑓𝐶𝑇𝑋−𝑆𝑇𝑁𝑡))(𝑉𝑚 − 𝐸𝐺𝑙𝑢𝑡)               (7) 

where 𝑓𝐶𝑇𝑋−𝑆𝑇𝑁 is the frequency of the cortical input and is 
set at 15 Hz (Levy et al. 2000). 𝑔𝐶𝑇𝑋−𝑆𝑇𝑁 is the mean synaptic 
conductance and is equivalent to 1 pA/µm2.

2.2.6 Deep Brain Stimulation 

  

Effect of DBS on STN neurons is modelled as a train of pulses 
injected into STN neurons (Rubin and Terman 2004).  

𝐼𝐷𝐵𝑆 = 𝑖𝐷𝐻(sin(2𝜋𝑓𝐷𝐵𝑆𝑡)) �1 − 𝐻�sin�2𝜋𝑓𝐷𝐵𝑆(𝑡 + 𝛿)���           (8) 

𝑖𝐷 is the amplitude of the current injection and is set at 400 
pA/µm2. 𝛿 is the duration of a single pulse and is set to 3 ms. 
𝑓𝐷𝐵𝑆 represents the frequency of the pulse train and is 
equivalent to the frequency of DBS. As in equation 6, H 
represents the Heaviside step function. Based on the notion 
that DBS activation volume is stimulus amplitude dependent 
(Butson et al. 2007; Butson and McIntyre 2005), we assume a 
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monotonic relationship between stimulus voltage and 
percentage of neurons activated due to DBS. Percentage of 
STN neurons activated due to DBS is represented by varying 
the number of STN neurons receiving 𝐼𝐷𝐵𝑆. Somatic block due 
to DBS is not modelled in this study since activated STN 
neurons receive both 𝐼𝐷𝐵𝑆 and 𝐼𝐶𝑇𝑋−𝑆𝑇𝑁.  

Section C: Quantification of TC relay functionality 

Several studies have linked BG activity patterns in the theta 
and beta frequency bands to PD motor symptoms (Chen et al. 
2007; Chen et al. 2006; Fogelson et al. 2005; Hutchison et al. 
2004; Levy et al. 2002; Levy et al. 2000; Trottenberg et al. 
2007) and suppression of these activities with alleviation of 
PD motor symptoms (Brown et al. 2004; Brown et al. 2001; 
Brown and Williams 2005; Hammond et al. 2007). 
Building on the notion that pathophysiology and treatment 
efficacy relate to frequency content in the thalamo-cortico-
basal ganglia loop, we used spectral analysis (Fast Fourier 
Transform) to quantify functionality of a TC relay neuron 
which received excitatory cortical, inhibitory GPi and under 
certain conditions DBS induced inputs. TC relay functionality 
was evaluated by comparing the frequency content of binary 
spike trains obtained from the TC output to the frequency 
contents of the various input signals. Influence of DBS 
induced activity on TC relay functionality was assessed by the 
level of suppression of GPi burst frequencies in the TC output 
(Brown et al. 2004; Hammond et al. 2007). Level of 
suppression of GPi burst frequencies was quantified by 
measuring the change in the magnitude of GPi burst 
frequencies during DBS with respect to the magnitude of GPi 
burst frequencies during PD. 
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2.3 Results 

Section A: TC Frequency Selectivity during PD 

2.3.1 Response to GABAergic GPi projection in the 
multi-compartment TC relay neuron model 

First the response of a TC relay neuron to inhibitory GPi 
projection was studied. The response of the multi-
compartment TC relay neuron was investigated as a function 
of pre-synaptic correlation (𝐶) while bursting frequency 
(𝑓𝐺𝑃𝑖) of the pre-synaptic GPi neurons was kept constant. 
When the pre-synaptic correlation was above a critical value, 
the neuron fired action potentials due to the inhibitory input 
from the GPi at the bursting frequency of the pre-synaptic GPi 
neurons (Fig. 2B). For pre-synaptic correlations below the 
critical correlation level, the membrane potential at the soma 
exhibited sub-threshold oscillations at the bursting frequency 
of the pre-synaptic GPi neurons (Fig. 2A). 

 
Figure 2: Selective TC response to correlated, bursting GPi inputs: 
Results, obtained using the multi-compartment model and the 
single compartment model, are shown in A-C and D-F, respectively. 
A: the membrane potential oscillates between the resting 
membrane potential and a relatively hyperpolarized value when GPi 
burst frequency is equivalent to 8 Hz and the correlation level (𝐶) 
among the GPi neurons is 0.4 (𝑓𝐺𝑃𝑖  and 𝐶 values are indicated with x 
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in Fig. C); B: TC relay neuron fires action potentials at the GPi burst 
frequency (8 Hz) when the correlation level (𝐶) among the GPi 
neurons is  0.8 (𝑓𝐺𝑃𝑖  and 𝐶 values are indicated with + in Fig. C); C: 
selectivity curve defines the boundary between GPi burst 
frequencies and correlation levels which induce action potential 
generation at GPi burst frequency (parameters above the selectivity 
curve) and GPi burst frequencies and correlation levels that lead to 
sub-threshold oscillation of the TC relay neuron’s membrane 
potential (parameters below the selectivity curve) (resting 
membrane potential = -65mV); D: the membrane potential oscillates 
between the resting membrane potential and a relatively 
hyperpolarized value when the GPi burst frequency is 8 Hz and 
input modulation depth (α)  is 0.75 (𝑓𝐺𝑃𝑖  and α values are indicated 
with * in Fig. F); E: TC relay neuron fires action potentials at the GPi 
burst frequency (8 Hz) when the modulation depth (α) is 0.95 (𝑓𝐺𝑃𝑖  
and α values are indicated with ¤ in Fig. F); F: selectivity curve when 
the resting membrane potential is -65 mV, describing GPi burst 
frequency and modulation depth selectivity of the single-
compartment TC relay neuron (for D-F 𝑔𝐺𝑃𝑖−𝑇ℎ = 0.2mS/cm2

The previous analysis was repeated for various frequencies in 
order to understand how the response to correlation level 
changes for different pre-synaptic bursting frequencies. We 
observed that the TC relay neuron exhibited frequency 
dependent selectivity to pre-synaptic correlation levels for 
firing action potentials and as the bursting frequency of the 
GPi neurons varied, the critical correlation level above which 
the TC relay neuron fired action potentials shifted. The same 
analysis was performed for non-bursting GPi inputs leading to 
similar results (not shown). Figure 2C shows the selectivity 
curve of a TC relay neuron. It defines the boundary between 
sub-threshold oscillation (Fig. 2A) and action potential 
generation (Fig. 2B) in response to inhibitory GPi projection 
at the GPi bursting frequency. Figure 2C also shows that there 
exists an optimum frequency (i.e. GPi bursting frequency) at 
which minimum amount of pre-synaptic correlation is 
required to drive the TC relay neuron at the GPi bursting 
frequency. 

).  

2.3.2 Response to GABAergic GPi projection in the 
single compartment TC relay neuron model 

The analysis in the multi-compartment model was repeated in 
the single compartment TC relay neuron model in order to 
test whether the response to inhibitory GPi projection was 
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preserved and realistically represented in the reduced model 
with simplified synaptic input. When the GPi burst frequency 
was at 8 Hz and modulation depth of the reduced synaptic 
input was set at 0.75, the membrane potential in the single 
compartment TC relay neuron model showed sub-threshold 
oscillations (Fig. 2D). When the synaptic input was set at a 
higher modulation depth (0.95) at the same GPi burst 
frequency, the model responded with action potentials (Fig. 
2E). Figure 2F shows the selectivity curve of a TC relay neuron 
obtained using the single compartment model. The selectivity 
curves of the single and multi compartment model are 
qualitatively equivalent (Figs. 2C and 2F), given that there 
exists a monotonic relationship between the correlation level 
(𝐶) of the multi-compartment synaptic input model and 
modulation depth (𝛼) of the reduced synaptic input model 
(Supplementary Material). 

2.3.3 Shape of the selectivity curve 

The precise shape and position of the selectivity curve is 
closely linked to sub-threshold resonance of the TC relay 
neuron (Hutcheon and Yarom 2000). Sub-threshold 
resonance is conveniently examined by driving the membrane 
with a chirp signal (𝑔𝐺𝑃𝑖−𝑇ℎ = 0.2mS/cm2, 𝛼 =  0.5, frequency 
(𝑓𝐺𝑃𝑖) slowly increasing from 0 to 100 Hz) and recording the 
response of the neuron assessed by the amplitude of the 
membrane potential of the TC relay neuron (𝑉𝑚) as a function 
of input frequency (Figs. 3A and 3B). Sub-threshold resonance 
and input selectivity of the TC relay neuron is predominantly 
dependent on 𝐼𝑇 inactivation and membrane time constant, 
while 𝐼𝑇 activation amplifies the response at the resonant 
frequency (Hutcheon and Yarom 2000). Resonance frequency 
and optimum frequency range of the selectivity curve are 
determined by inactivation time constant of 𝐼𝑇 and the 
membrane time constant (Hutcheon and Yarom 2000). 
Oscillatory GPi input, where frequency of the input 
corresponds to average GPi bursting frequency, de-inactivates 
𝐼𝑇 providing a driving force for depolarization of the TC relay 
neuron (Destexhe et al. 1996; Destexhe et al. 1998; Golomb et 
al. 1996; 1994; Kepecs et al. 2002). GPi burst frequencies and 
modulation depths (correlation levels); chosen above the 
selectivity curve, give rise to 𝐼𝑁𝑎  activation and action 
potential generation at the GPi burst frequency. For 
oscillatory GPi inputs at frequencies less than the resonance 



 

 
 

46 Thalamic Response to Frequency: DBS and PD 

frequency, release of hyperpolarization is sufficiently slow for 
𝐼𝑇 to inactivate. This reduces the depolarizing drive by 𝐼𝑇 and 
hence prevents action potential generation. Therefore, at low 
input frequencies, higher modulation depth (correlation 
level) is required for TC relay neuron to respond to the 
oscillatory GPi input (Fig. 3C). This effect subsides as the 
input frequency approaches 1/(2𝜋𝜏ℎ)R 

 

where 𝜏ℎ is the 
inactivation time constant of 𝐼𝑇 (Hutcheon and Yarom 2000). 
For oscillatory GPi inputs at frequencies beyond 1/(2𝜋𝜏ℎ) 
passive membrane properties start influencing response of 
the TC relay neuron. At GPi oscillation frequencies greater 
than 1/(2𝜋𝜏), where τ is the membrane time constant, 
passive membrane properties (i.e. leak conductance and 
membrane capacitance) attenuate response of the cell to 
high-frequency input.  

Figure 3: The relationship between sub-threshold resonance and 
the selectivity curve: For A and C membrane potential is at the 
resting membrane potential (-62 mV) and for B and D an additional 
depolarising current is being injected into the TC relay neuron 
(𝐼𝑎𝑝𝑝  = -0.6 µA/cm2). In A and B the membrane is driven with a 
chirp signal (𝑔𝐺𝑃𝑖−𝑇ℎ = 0.2 mS/cm2

As a result, stronger oscillation amplitude i.e. higher 
modulation depth (correlation level) is required to drive the 
TC membrane potential beyond the threshold for action 
potential generation (Fig. 3C) (Hutcheon and Yarom 2000). 
Active and passive properties of the membrane change with 

, 𝛼 =  0.5, frequency (𝑓𝐺𝑃𝑖) 
slowly increasing from 0 to 100 Hz). A: indicates the limits of sub-
threshold membrane oscillation at the resting membrane potential 
and; B: during depolarizing current injection; C: shows the 
selectivity curve of the TC relay neuron at the resting membrane 
potential and; D: during depolarizing current injection. 



 47 Chapter 2 

the membrane potential which is directly affected by 
depolarizing or hyperpolarizing current injection. 
Depolarizing current injection (𝐼𝑎𝑝𝑝  = -0.6 µA/cm2

2.3.4 Sensitivity analysis for the selectivity curve in the 
single compartment model 

) lowers 
both the inactivation time constant of 𝐼𝑇 and the membrane 
time constant, shifting the resonance frequency and selectivity 
curve to higher frequencies and lower correlation level or 
modulation depth values (Figs. 3B and 3D). 

 
Figure 4: Sensitivity analysis of the selectivity curve during constant 
hyperpolarising or depolarising current injection representing 
background synaptic activity: Shape of the selectivity curve and 
position of the optimum frequency range are defined by the passive 
and active properties of the membrane which are in turn dependent 
on the TC relay neuron’s membrane potential. During constant 
hyperpolarizing current injection (𝐼𝑎𝑝𝑝 R > 0), the selectivity curve 
shifts to lower frequencies and higher modulation depth values. On 
the other hand, during constant depolarizing current injection (𝐼𝑎𝑝𝑝 R 
< 0), the selectivity curve shifts to higher frequencies and lower 
modulation depth values (𝑔𝐺𝑃𝑖−𝑇ℎ = 0.2mS/cm2

We investigated the sensitivity of the selectivity curve to 
changes in the membrane potential that may result from 

). 
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excitatory and/or inhibitory synaptic background activity. 
Figure 4 shows how the selectivity curve changes as 𝐼𝑎𝑝𝑝 
increases from -1.2µA/cm2 to 1.2µA/cm2 (Eq. 2). With 
increasingly hyperpolarizing current injection (𝐼𝑎𝑝𝑝 R > 0), the 
selectivity curve shifted to higher modulation depth values 
and covered narrower frequency ranges. Also, the optimum 
frequency range shifted to lower frequencies. On the other 
hand, with increasingly depolarizing current (𝐼𝑎𝑝𝑝 R 

2.3.5 Effect of Inhibitory input selectivity on TC relay 
function in the single compartment model 

< 0), the 
selectivity curve shifted to lower modulation depth values 
and covered higher frequency ranges. Thus, dependent on the 
synaptic background activity, TC relay neurons preferentially 
relay the frequency content of the synchronised drive from 
GPi neurons exhibiting burst activity at a frequency located in 
the range of 2-25 Hz. Such oscillations in the GPi have been 
observed experimentally (Brown 2003). 

We next investigated TC relay function in the presence of an 
excitatory cortical input and various states of GPi input (i.e. 
uncorrelated, correlated, bursting, etc.) by monitoring the 
frequency content of the TC relay neuron’s output patterns 
using the single compartment TC relay neuron model. In the 
absence of correlated GPi bursting (𝛼 = 0) , the TC relay 
neuron faithfully relayed the excitatory cortical input as 
evidenced by the presence of a single peak centred at the 
cortical input frequency in the TC cell’s output spectrum (Figs. 
5A (time signal) and 5D (Fourier transform of the signal)). For 
correlated GPi input parameters chosen below the selectivity 
curve (Fig. 4), the GPi bursting frequency appears in the 
output spectrum but the overall signal is still dominated by 
the frequency components corresponding to the excitatory 
cortical input (Fig. 5E). On the other hand, for GPi input 
parameters chosen above the selectivity curve (Fig. 4) 
primary frequency component of TC neuron’s output shifted 
from the excitatory cortical input frequency to the inhibitory 
GPi bursting frequency (Fig. 5F). 
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Figure 5: Relationship between TC relay neuron’s inhibitory input 
selectivity and relay function: Spike trains obtained from the TC 
relay neuron (𝑠(𝑡)) are shown in A-C and Fourier Transforms of the 
spike trains (𝑆(𝑓)) are shown in D-F. Magnitude of GPi burst 
frequency (𝑓𝐺𝑃𝑖  = 13 Hz (black bar)) and cortical frequency in the TC 
output for various cortical frequencies are shown in G-I (𝑓𝐶𝑇𝑋  = 10 
Hz (white bar), 𝑓𝐶𝑇𝑋 = 20 Hz (light gray bar) and 𝑓𝐶𝑇𝑋 = 37 Hz (dark 
gray bar)). For G-I, differences between cortical frequency 
magnitudes in the TC output is a direct consequence of Fourier 
Transform. A, D and G: for uncorrelated GPi input (i.e. 𝛼 = 0) TC 
neuron only relays cortical input frequency; B, E and H: for GPi 
input parameters chosen below the selectivity curve (Fig. 3C), TC 
neuron relays GPi burst frequency together with the cortical input 
frequency; predominant component being the cortical input 
frequency; C, F and I: for correlated oscillatory GPi input parameters 
chosen above the selectivity curve (Fig. 3C), TC neuron relays GPi 
burst frequency together with the cortical input frequency, 
predominant component being the GPi burst frequency (𝑔𝐶𝑇𝑋 = 0.2 
mS/cm2, 𝛿𝐶𝑇𝑋 R = 1.5 ms, 𝑔𝐺𝑃𝑖−𝑇ℎ = 0.2 mS/cm2, 𝑓𝐺𝑃𝑖   

  
= 13 Hz). 
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Section B: TC Frequency Selectivity during DBS 

2.3.6 Effect of STN-DBS frequency and stimulus 
amplitude 

 
Figure 6: A: Activity pattern of a GPi neuron activated during STN-
DBS at 40 Hz; B: Activity pattern of a GPi neuron bursting at 15 Hz 
during STN-DBS at 40 Hz; C: Activity pattern of a GPi neuron 
activated during STN-DBS at 130 Hz; D: Activity pattern of a GPi 
neuron bursting at 15 Hz during STN-DBS at 130 Hz. High-
frequency DBS is more effective in regularizing GPi activity patterns 
than low frequency DBS.  

We investigated effects of STN-DBS on the TC relay neuron by 
implementing the BG network model of Rubin and Terman 
(2004) (Fig. 1) (Rubin and Terman 2004). Rubin and Terman 
(2004) assume 100% activation of STN neurons and refer to 
pulse amplitude as the amplitude of current injected into the 
STN neurons during DBS (i.e. 𝑖𝐷  > 0 and the same for all STN 
neurons during DBS) (Rubin and Terman 2004). In order to 
investigate effects of both DBS frequency and stimulus 
amplitude on the TC relay neuron, we assume a monotonic 
relationship between stimulus amplitude and the percentage 
of STN neurons activated by DBS (Butson et al. 2007; Butson 
and McIntyre 2005). Percentage of STN neurons activated by 
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DBS is equivalent to percentage of neurons receiving non-
zero current injection due to DBS (𝑖𝐷> 0); for the neurons 
which are not activated on the other hand, 𝑖𝐷 is set at 0. 
DBS induces high-frequency tonic activity in STN, GPe and GPi 
neurons and the percentage of GPe and GPi neurons activated 
is monotonically related to the percentage of STN neurons 
activated. The monotonic relationship between percentage of 
GPi and GPe neurons activated with respect to percentage of 
STN neurons activated is dependent on the network 
connectivity. STN, GPe and GPi neurons, which are not 
relaying high-frequency tonic activity, continue to exhibit 
synchronized bursting activity driven by the hyper-direct 
pathway. Figure 6 demonstrates activity patterns exhibited by 
a GPi neuron when it is activated by STN-DBS (Figs. 6A and 
6C) and when it is bursting at 15 Hz due to the influence of 
the oscillatory hyper-direct pathway (𝑓𝐶𝑇𝑋−𝑆𝑇𝑁 = 15 Hz) (Figs. 
6B and 6D). 
In order to study effects of DBS stimulus amplitude on the 
relay properties of the TC relay neuron, we varied percentage 
of STN neurons activated, for a given DBS frequency. We 
observed that as the percentage of STN neurons activated 
increased, magnitude of GPi burst frequencies in the TC 
output decreased (Figs. 7A-B). We repeated the same analysis 
in the presence of cortical input to the TC relay neuron, and 
observed that GPi burst frequencies were suppressed as the 
percentage of STN neurons activated increased while cortical 
input frequencies were not affected (Figs. 7C-D). 
Next we determined which DBS parameters resulted in 
significant suppression of GPi burst frequencies in the TC 
output. Significant suppression is defined as greater than 50% 
reduction in the magnitude of GPi burst frequencies with 
respect to magnitude of GPi burst frequencies in the absence 
of DBS. Figure 8 shows the boundary between relay of GPi 
burst frequencies and suppression (65% and 100%) of GPi 
burst frequencies in the TC output. There exists an inverse 
relationship between DBS frequency and percentage of STN 
neurons that needs to be activated in order to suppress GPi 
burst frequencies in the TC output. Figures 7A and 7B are 
particular examples of figure 8 and qualitatively represent 
frequency content of the TC output during STN-DBS with 
parameters chosen below the inverse relationship and above 
the inverse relationship; respectively.  
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Figure 7: As the percentage of STN neurons activated by DBS 
increases from 0 to 100%, magnitude of GPi burst frequency in the 
TC output decreases: Total number of STN neurons included in the 
network model is 16 and average GPi burst frequency is 15 Hz. 
Fourier Transform of the spike train’s obtained from the TC relay 
neuron (𝑆(𝑓)) A: during STN-DBS at 110 Hz when 12.5% of STN 
neurons are activated by DBS and B: when 31.25% of STN neurons 
are activated by DBS; Fourier Transform of the spike train’s 
obtained from the TC relay neuron (𝑆(𝑓)) in the presence of cortical 
input C: when frequency of DBS is 110 Hz and 12.5% of STN 
neurons are activated and D: when 31.25% of STN neurons are 
activated. In the presence of an excitatory cortical input to the TC 
relay neuron, as the percentage of STN neurons activated by DBS 
increases, relay of the cortical input is restored due to suppression 
of GPi burst frequencies, which can be as strong as the magnitude of 
cortical frequencies in the TC output (For C and D 𝑓𝐶𝑇𝑋= 37 Hz, 
𝑔𝐶𝑇𝑋= 0.2 mS/cm2

For 100% suppression of GPi burst frequencies, DBS 
frequency should be greater than or equal to 60 Hz. DBS 
frequencies less than 60 Hz were not effective in 100 % 
suppression of GPi burst frequencies since low frequency DBS 
was not as effective as high-frequency DBS in regularizing 
oscillatory BG activity patterns (Rubin and Terman 2004). We 

, 𝛿𝐶𝑇𝑋 = 5 ms). 
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repeated the same analysis in the presence of cortical input 
and observed that the inverse relationship between DBS 
frequency and percentage of STN neurons activated holds. In 
the presence of cortical input, it was not possible to fully 
suppress (i.e. 100%) GPi burst frequencies in the TC output 
due to aliasing between multiple frequencies inputted into 
the system. 
The inverse relationship between DBS frequency and 
percentage of STN neurons activated is based on an intricate 
interaction between network properties and TC relay 
neuron’s membrane properties. 

 
Figure 8: Inverse relationship between DBS frequency and 
percentage of STN neurons activated required to suppress relay of 
GPi burst frequencies: As the frequency of DBS decreases, more STN 
neurons need to be activated by DBS in order to suppress GPi burst 
frequencies in the TC output. The data points (indicated by ■ and ●) 
separate relay of the GPi bursting to CTX from significant 
suppression of GPi burst frequencies in the TC output. Amount of 
GPi burst frequency suppression is computed with respect to GPi 
burst frequency in the TC output in the absence of DBS. 65% and 
100% suppression levels are chosen as examples to illustrate the 
changes which occur in the inverse relationship for different 
suppression levels. 
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2.3.7 Network properties contributing to the inverse 
relationship 

 
Figure 9: Variations in the frequency content of the summed GPi 
input to the TC relay neuron (𝑔𝐺𝑃𝑖−𝑇ℎ) for different DBS frequencies 
and percentages of STN neurons activated: Frequency spectrum of 
the summed GPi input to TC relay neuron is obtained using Fourier 
Transform (𝐺𝐺𝑃𝑖−𝑇ℎ(𝑓)) (DC component of the frequency spectrum 
is removed for visualization concerns). As the percentage of STN 
neurons activated by DBS increases, GPi bursting frequency 
decreases while the constant inhibition applied to TC relay neuron 
increases (DC component of the frequency spectrum). A and B: 
frequency of DBS is 50 Hz. As the percentage of STN neurons 
activated increased from 12.5% to 62.5%; DC component of the 
frequency spectrum increased from 5.75 x 104 to 9 x 104 and 
magnitude of GPi burst frequency decreased from 1.7 x 104 to 5 x 
103. C and D: frequency of DBS is 110 Hz. As the percentage of STN 
neurons activated increased from 12.5% to 62.5%; DC component 
of the frequency spectrum increased from 5.9 x 104 to 9.75 x 104 
and magnitude of GPi burst frequency decreased from 1.56 x 104 to 
2.8 x 103.  
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As the percentage of STN neurons activated by DBS increase, 
magnitude of GPi burst frequencies decrease in the summed 
synaptic input from GPi neurons to the TC relay neuron (Fig. 
9). Simultaneously, DC component, which corresponds to the 
mean of the summed synaptic conductance, and DBS induced 
high-frequency component increase (Fig. 9). Changes in the 
magnitude of different frequencies expressed in the summed 
synaptic output are dependent on the percentage of STN 
neurons activated by DBS and the DBS frequency (Fig. 9).  
Modulation depth approximates temporal changes in the 
summed synaptic input from GPi neurons and this 
approximation is well-defined when the number of pre-
synaptic neurons is large (i.e. greater than 100) (Section A). 
The network model includes 16 GPi neurons. Therefore, 
temporal changes in the summed synaptic input cannot be 
quantified by modulation depth changes. However, changes 
occurring in the summed synaptic input can be related to 
changes in the modulation depth through the magnitude at 
GPi burst frequency.  
With respect to magnitude of GPi burst frequency in the 
absence of DBS (2 x 104

2.3.8 Cellular properties contributing to the inverse 
relationship 

), reduction in the magnitude of GPi 
burst frequency during DBS at 50 Hz is analogous to reducing 
the modulation depth from 0.85 (12.5% STN neurons 
activated) to 0.25 (62.5% STN neurons activated). On the 
other hand, during DBS at 110 Hz, reduction in the magnitude 
of GPi burst frequency is comparable to reducing the 
modulation depth from 0.75 (when 12.5% STN neurons are 
activated) to 0.15 (when 62.5% STN neurons are activated). 

In addition to the changes in the overall BG output profile, TC 
relay neuron’s membrane properties also contribute to the 
inverse relationship. As described in Section A, oscillatory GPi 
input gives rise to de-inactivation of 𝐼𝑇 which provides a 
depolarizing drive to the TC relay neuron (Destexhe et al. 
1996; Destexhe et al. 1998; Golomb et al. 1996; 1994; Kepecs 
et al. 2002). For GPi inputs within the TC relay neuron’s 
selectivity window, this depolarizing drive recruits 𝐼𝑁𝑎 
leading to action potential generation at the GPi burst 
frequency (Fig. 10). Action potential generation at the GPi 
burst frequency occurs only during a narrow time window 
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(Fig. 10). During DBS, high-frequency component of the GPi 
input periodically hyperpolarizes the TC relay neuron. If DBS 
induced high-frequency component of the GPi input coincides 
with this time window, action potential generation is 
disrupted (Fig. 10). 

 
Figure 10: TC cellular properties contributing to the inverse 
relationship between percentage of STN neurons activated and DBS 
frequency required to suppress relay of GPi burst frequencies: Grey 
bars indicate the onset and duration of DBS pulses (Eq. 8). A: 
membrane potential of the TC relay neuron during DBS 90 Hz when 
31.25 % of the STN neurons were activated. High-frequency 
component of the GPi output driven by DBS periodically 
hyperpolarizes the TC relay neuron; B: dashed line depicts 𝐼𝑇  
inactivation gating variable while solid line corresponds to 𝐼𝑁𝑎  
activation; C: dashed line corresponds to 𝐼𝑁𝑎  inactivation gating 
variable. Periodic hyperpolarization of the membrane disrupts 𝐼𝑁𝑎  
influx and prevents action potential generation if brief 
hyperpolarization occurs at the right time (e.g. as shown at 150 ms). 
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2.4 Discussion 

A computational model was used to investigate the neuronal 
basis of DBS as it is used for the treatment of PD. First, the 
response of a TC relay neuron to correlated GPi input in the 
theta and beta band was studied in order to determine the 
changes in thalamic functionality during PD. The effects of 
STN-DBS on TC information processing were investigated 
next and we particularly focused on the inverse relationship 
that has been observed between clinically effective DBS 
frequency and amplitude (Benabid et al. 1991; Gao et al. 
1999; Moro et al. 2002; Rizzone et al. 2001). The main 
findings are 1) the TC relay neuron selectively responds to 
highly synchronized GPi inputs bursting at a frequency 
located in the range of 2-25 Hz. When the TC relay neuron 
responds to the GPi input, the GPi burst frequencies are 
introduced in the TC output while simultaneously relay of 
excitatory cortical input is suppressed. 2) DBS with sufficient 
frequency and amplitude suppresses relay of pathological GPi 
induced frequencies to CTX 3) our model provides an 
explanation for the clinically observed inverse relationship 
between DBS amplitude and frequency based on the cellular 
dynamics of TC relay neurons. 
To investigate the response of a TC relay neuron to correlated 
GPi input, we have used two different TC relay neuron 
models; one computationally intensive multi-compartment 
model with realistic morphology and multi synaptic input and 
one single compartment model with collapsed morphology 
and simplified synaptic input, capable of capturing in its 
modulation depth the essence of the correlated GPi input. In 
this way we could validate the single compartment model 
against the detailed multi-compartment one, which enabled 
us to utilize the computationally less intensive single 
compartment model for performing specific analyses in large 
parameter spaces (e.g. Figs. 4 and 8). To investigate effects of 
DBS on the TC relay neuron, a BG network model has been 
utilized (Pirini et al. 2009; Rubin and Terman 2004). The 
network model consists of 16 STN, 16 GPe and 16 GPi 
neurons. Use of this model has enabled us to study the 
interactions within the BG network resulting from STN-DBS 
and to investigate the effects of altered GPi output on the TC 
relay neuron. Changes we observe in the BG output during 
STN-DBS and consequences on TC relay function are 
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analogous to effects of correlation level and modulation depth 
changes studied in Section A.  
We did not observe mismatch between the multi-
compartment and single compartment TC relay neuron 
models for the properties that we highlight in this study, 
suggesting that the main mechanism dictating TC input 
frequency selectivity is not strongly dependent on the 
dendritic structure but is rather based on more fundamental 
membrane properties and ion-channel dynamics. Simulations 
revealed that correlated low frequency GPi input induced 
action potentials at the GPi burst frequency while high-
frequency input patterns did not lead to a response. The GPi 
input burst frequency range which the TC relay neuron 
selectively responds to is approximately 2-25 Hz (depending 
on membrane potential). Such frequencies have been 
recorded experimentally during PD and associated with PD 
motor symptoms (Brown et al. 2001; Magnin et al. 2000; Nini 
et al. 1995; Raz et al. 2000). Our simulations also highlight 
that GPi burst frequency is not the only key determinant of TC 
relay neuron response. Input correlation level also dictates 
how the TC relay neuron responds to the synaptic input. It has 
been shown that correlation levels among GPi neurons 
increase during PD (Raz et al. 2000). 
In agreement with earlier studies (Gao et al. 1999; Rubin and 
Terman 2004) we observed that for phasic GPi inputs the 
relay of excitatory cortical inputs by TC relay neurons 
becomes impaired. We have studied relay of excitatory 
cortical inputs using the single compartment model. 
Therefore, intricate details of the excitatory and inhibitory 
synaptic interactions in the dendritic tree have not been taken 
into account. We have chosen to study frequency components 
of the TC output as a measure for TC functionality instead of 
the “error – index” analysis, introduced by Rubin and Terman 
(2004) (Rubin and Terman 2004). “Error – index” analysis 
provides information regarding how well the TC neuron 
relays an excitatory input to CTX while spectral analysis 
provides insight about the temporal content of the TC output, 
enabling assessment of relative contribution of GPi and 
cortical frequencies to the TC output. Moreover, use of 
spectral analysis as a measure for TC functionality provided a 
clear link to several clinical studies which have highlighted 
the relationship between emergence and alleviation of PD 
motor symptoms and frequencies observed in BG (Chen et al. 
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2007; Chen et al. 2006; Fogelson et al. 2005; Hammond et al. 
2007; Hutchison et al. 2004; Levy et al. 2002; Levy et al. 2000; 
Trottenberg et al. 2007).  
We observed that the magnitude of GPi burst frequencies 
increased in the TC output, with increasingly correlated GPi 
drive. Simultaneously, the magnitude of frequencies related to 
the relay of cortical information dropped with the appearance 
of GPi burst frequencies in the TC output. These findings 
support the hypothesis that thalamus transmits synchronized 
BG oscillations to CTX during PD (Brown 2003). We have 
observed that under “PD conditions”, the TC relay neuron 
switches to a regime where the oscillatory drive from GPi is 
transmitted into the cortico-thalamic loop. This suggests a 
mechanism through which low frequency BG oscillations, via 
thalamus, result in synchronization of the motor CTX at anti-
kinetic low frequencies during PD (Brown 2003; Hammond et 
al. 2007). 
Rubin and Terman (2004) pointed out that regularization of 
BG output through DBS induced high-frequency activity may 
restore TC relay functionality (Rubin and Terman 2004). In 
their model, it is assumed that DBS replaces all oscillatory 
activity in the STN and hence excludes effects of stimulus 
amplitude from the analysis and provides a possible 
mechanism for DBS efficacy based on DBS frequency. Under 
the assumption that DBS replaces all oscillatory activity, DBS 
restores TC relay functionality by replacing phasic inhibition 
of TC relay neurons (DBS off) with constant inhibition (DBS 
on) (Rubin and Terman 2004).  
Based on modelling studies demonstrating that there exists a 
monotonic relationship between DBS stimulus amplitude and 
the size of the activation field of the electrode, we included a 
DBS stimulus amplitude dependent activation of the STN 
(Butson et al. 2007; Butson and McIntyre 2005). The 
assumption that DBS does not replace all oscillatory 
synchronous activity in the BG is also supported by clinical 
observations indicating that for therapeutic stimulation 
frequencies and sub-therapeutic stimulus amplitudes, PD 
motor symptoms are still present (Moro et al. 2002; Rizzone 
et al. 2001).  
Brown (2003) categorized frequency bands of oscillation in 
the BG as anti-kinetic (oscillation frequencies in the theta and 
beta bands) and pro-kinetic (oscillation frequencies in the 
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high gamma band) based on their net effect on movement 
(Brown 2003). Our simulations indicate that DBS stimulus 
amplitude, which is monotonically related to the percentage 
of STN neurons activated, predominantly dictates the balance 
between anti-kinetic low frequency and pro-kinetic high-
frequency activity patterns in the BG network (Brown 2003; 
Hahn et al. 2008). We observe suppression of anti-kinetic 
frequencies in the TC output for certain DBS frequencies and 
percentage of STN neurons activated which are inversely 
related to one another (Fig. 8) (Brown et al. 2004; Brown et 
al. 2001; Hammond et al. 2007). There exists a minimum 
activation level of STN neurons below which suppression of 
anti-kinetic low frequencies in the TC output does not occur 
independent of DBS frequency, which is in line with clinical 
observations of a DBS stimulus amplitude threshold for 
therapeutic efficacy (Moro et al. 2002). On the other hand, 
DBS frequency affects both the content of the high-frequency 
activity patterns in the BG network and the cellular dynamics 
of the TC relay neuron. For instance, for DBS frequencies less 
than 60 Hz; STN, GPe and GPi neurons carry both the DBS 
induced high-frequency and anti-kinetic low frequency 
activity patterns even during 100% activation of STN 
neurons. At these DBS frequencies, 100% suppression of anti-
kinetic frequencies in the TC output is not possible indicating 
that there exists a minimum DBS frequency below which a 
given level of anti-kinetic frequency suppression cannot be 
achieved. 
It still remains unknown why relatively high-frequency 
stimulation (e.g. 130 Hz) is required for clinical efficacy of 
DBS (Benabid et al. 1991; Moro et al. 2002).  The modeling 
work presented in this study indicates towards three 
potential mechanisms which could play a role in the efficacy 
of high-frequency stimulation: (1) high-frequency DBS is 
more effective in suppressing anti-kinetic low frequencies in 
the BG output; (2) high-frequency DBS gives rise to increased 
constant inhibition of the TC relay neuron; reducing the 
region where TC neuron selectively relays inhibitory 
oscillatory inputs at anti-kinetic low frequencies; (3) 
probability that relay of anti-kinetic frequencies is suppressed 
by DBS induced inhibitory post synaptic potentials in TC relay 
neuron, is proportional to DBS frequency. In the following 
paragraph, we explain in more detail these mechanisms. 



 61 Chapter 2 

DBS suppresses anti-kinetic frequencies in the TC output by 
altering the BG output and affecting TC relay neuron’s cellular 
dynamics. STN-DBS alters the BG output by introducing high-
frequency tonic (regular) activity in the BG output. Changes in 
the BG output are proportional to the fraction of STN neurons 
activated and frequency of DBS. During DBS, the BG output 
consists of two distinct activity patterns: anti-kinetic 
oscillatory component and high-frequency regular component 
induced by DBS (Fig. 9). As the percentage of STN neurons 
activated increases, magnitude of anti-kinetic oscillation 
frequencies decreases in the BG output while simultaneously 
the average level of inhibition applied to the TC relay neuron 
increases (Rubin and Terman 2004). Application of constant 
hyperpolarization, shifts TC relay neuron’s selectivity curve to 
lower GPi burst frequencies and higher modulation depths 
(Fig. 4). As a result, the pre-synaptic frequency-amplitude 
window to which TC relay neurons selectively respond to, 
shrink as the number of STN neurons activated by DBS 
increase. Additionally, DBS induced high-frequency 
component of the BG output briefly hyperpolarizes the TC 
relay neuron at regular intervals. Based on the assumption 
that DBS does not fully replace anti-kinetic frequencies in the 
BG output, TC relay neuron can still fire action potentials at 
these frequencies (Fig. 10). Regular inhibitory post synaptic 
potentials induced by DBS interfere with action potential 
generation due to oscillatory BG input and further suppress 
anti-kinetic frequencies in the TC output (Fig. 10). Frequency 
of DBS directly controls the probability of the inhibitory post 
synaptic potentials occurring at the right time and is 
therefore more effective than low-frequency DBS.  
It is remarkable that relay of cortical frequencies is much 
more robust to the presence of DBS than relay of BG 
oscillation frequencies (Figs. 7C-D). The time window during 
which action potentials are generated due to the cortical 
input is an order of magnitude shorter than the time window 
during which action potentials are generated because of the 
oscillatory BG input. Action potential generation driven by the 
cortical input can be temporarily suppressed only in case of 
perfect alignment of an inhibitory post synaptic potential 
induced by DBS with the cortical input. As a result, magnitude 
of cortical frequencies in the TC output remains on average 
constant while BG oscillation frequencies are effectively 
suppressed during DBS. In the absence of DBS, anti-kinetic 
frequencies can be expressed as strong as the cortical 
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frequencies in the TC output. With increasing percentage of 
STN neurons activated during DBS, relay of cortical 
frequencies is restored due to suppression of these anti-
kinetic frequencies in the TC output (Fig. 7D).  
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2.5 Appendix 

2.5.1 Thalamocortical relay neuron model 

Both multi-compartment and single compartment TC relay 
neuron models included traditional fast spike generating 
currents 𝐼𝑁𝑎 and 𝐼𝐾, and a low threshold calcium current 𝐼𝑇, 
which plays a vital role in generation of action potentials after 
hyperpolarizing input. In addition, a hyperpolarisation 
activated cation current 𝐼ℎ, a slowly activating potassium 
current 𝐼𝐾𝑠, and sodium and potassium leak currents 𝐼𝑁𝑎𝑙𝑒𝑎𝑘 
and 𝐼𝐾𝑙𝑒𝑎𝑘, which determine the resting membrane potential 
of the TC relay neuron were included. 𝐼𝑇 used the Goldman-
Hodgkin-Katz current equation while all other currents 
𝐼𝑁𝑎𝑙𝑒𝑎𝑘, 𝐼𝐾𝑙𝑒𝑎𝑘, 𝐼𝑁𝑎, 𝐼𝐾, 𝐼ℎ, and 𝐼𝐾𝑠 used the Nernst equation to 
incorporate the ionic driving force. Ionic concentrations were 
assumed constant under the conditions present in our study. 
Voltage dependent currents were modelled using the 
Hodgkin-Huxley formalism and reflect well-established 
parameters for the TC relay neuron (Destexhe et al. 1998; 
Huguenard and McCormick 1992; McCormick and Huguenard 
1992; McIntyre et al. 2004). 
Ion currents described using the standard Hodgkin-Huxley 
model can be represented using the following general form: 
𝐼𝑖𝑜𝑛 = 𝑔𝑖𝑜𝑛𝑚𝑎ℎ𝑏(𝑉𝑚 − 𝐸𝑖𝑜𝑛) 

where 𝑔𝑖𝑜𝑛 is the maximum ion channel conductance, 𝑚 is the 
activation gating variable, ℎ is the inactivation gating variable 
and 𝐸𝑖𝑜𝑛 is the reversal potential. Time and voltage 
dependency of a gating variable (𝑤) can be described by a 
time constant (𝜏𝑤) and a steady state (𝑤∞) value. 

𝜏𝑤 =
1

𝛼𝑤 + 𝛽𝑤
 

𝑤∞ =
𝛼𝑤

𝛼𝑤 + 𝛽𝑤
 

𝑑𝑤
𝑑𝑡

=
𝑤∞ − 𝑤
𝜏𝑤

 

Membrane dynamics and ion current descriptions are based 
on the modelling and experimental work of Destexhe et al. 
(1998), McCormick and Huguenard (1992), Huguenard and 
McCormick (1992) and McIntyre et al. (2004). In the model, 
time is in ms, voltages are in mV, ion concentrations are in 
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mM. In the reduced single compartment model, currents are 
in μA/cm2 and maximum ion channel conductance is in 
mS/cm2. The single compartment model is implemented in 
MATLAB. In the multi-compartment model, currents are in 
mA/cm2 and maximum ion channel conductance is in S/cm2

Soma and dendrite sodium current 
𝐼𝑁𝑎 = 𝑔𝑁𝑎𝑚3ℎ(𝑉𝑚 − 𝐸𝑁𝑎) 

𝛼𝑚 = 0.32�−(𝑉𝑚 + 55)� �𝑒−(𝑉𝑚+55)/4 − 1��  

𝛽𝑚 = 0.28(𝑉𝑚 + 28) �𝑒(𝑉𝑚+28)/5 − 1�⁄  

𝛼ℎ = 0.128𝑒−(𝑉𝑚+51) 18⁄  

𝛽ℎ = 4 �𝑒−(𝑉𝑚+28)/5 + 1�⁄  

. 
The multi-compartment model is implemented in NEURON. 
Equations describing ion channel activation and inactivation 
gating variables are temperature corrected for 36°C.  

Soma and dendrite potassium current 
𝐼𝐾 = 𝑔𝐾𝑚4(𝑉𝑚 − 𝐸𝐾) 

𝛼𝑚 = 0.032�−(𝑉𝑚 + 63.8)� �𝑒−(𝑉𝑚+63.8)/5 − 1��  

𝛽𝑚 = 0.5𝑒−(𝑉𝑚+68.8) 40⁄  

Soma and dendrite hyperpolarisation activated cation current  
𝐼ℎ = 𝑔ℎ𝑚3(𝑉𝑚 − 43) 

𝜏𝑚 = 1 𝑒�−15.45−(0.086𝑉𝑚)�⁄ +  𝑒(−1.17+0.0701𝑉𝑚)  

𝑚∞ = 1 𝑒(𝑉𝑚+85) 5.5⁄ + 1⁄  

Soma and dendrite slowly activating potassium current  
𝐼𝐾𝑠 = 𝑔𝐾𝑠𝑚(0.4ℎ1 + 0.6ℎ2)(𝑉𝑚 − 𝐸𝐾) 

𝜏𝑚 = 2.5 + 0.253 (𝑒((𝑉𝑚−81) 25.6⁄ ) + 𝑒(−(𝑉𝑚+132) 18⁄ )⁄ ) 

𝑚∞ = �1 1 + 𝑒−(𝑉𝑚+43)/17⁄ �4 

𝜏ℎ1 = 30.4 + 0.253 �𝑒((𝑉𝑚−1329) 200⁄ ) + 𝑒(−(𝑉𝑚+130) 7.1⁄ )�⁄  

ℎ1∞ = 1 1 + 𝑒((𝑉𝑚+58) 10.6⁄ )⁄  

𝑖𝑓 𝑉𝑚 ≤ −70 𝜏ℎ2 = 𝜏ℎ1; 𝑒𝑙𝑠𝑒 𝜏ℎ2 = 2260 

ℎ2∞ = ℎ1∞ 
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Soma and dendrite T-type calcium current 
𝐼𝑇 = 𝑃𝐶𝑎𝑇𝑚2ℎ𝐺(𝑉𝑚 ,𝐶𝑎𝑖 ,𝐶𝑎𝑜) 

𝐺(𝑉𝑚,𝐶𝑎𝑖 ,𝐶𝑎𝑜) = �
𝑧2𝐹2𝑉𝑚
𝑅𝑇

��
𝐶𝑎𝑖 − 𝐶𝑎𝑜𝑒−𝑧𝐹𝑉𝑚 𝑅𝑇⁄

1 − 𝑒−𝑧𝐹𝑉𝑚 𝑅𝑇⁄ � 

𝑑𝐶𝑎𝑖
𝑑𝑡

= �
0.00024 − 𝐶𝑎𝑖

5
� −

𝐼𝑇𝑘
𝑧𝐹𝑑

 

𝜏𝑚 = 0.204 + 0.333 (𝑒−(𝑉𝑚+135 16.7⁄ ) + 𝑒(𝑉𝑚+19.8 18.2⁄ ))⁄  

𝑚∞ = 1 1 + 𝑒−((𝑉𝑚+60) 6.2⁄ )⁄  

𝑖𝑓 𝑉𝑚 <  −80 𝜏ℎ = 0.333𝑒((𝑉𝑚+470) 66.6⁄ ) 

𝑒𝑙𝑠𝑒 𝜏ℎ = 9.33 + 0.333𝑒−((𝑉𝑚+25) 10.5⁄ ) 

ℎ∞ = 1 1 + 𝑒((𝑉𝑚+84) 4⁄ )⁄  

T-type calcium current is described by the Goldman-Hodgkin-
Katz Ion current equation. 𝑃𝐶𝑎𝑇  is the maximum T-type 
calcium channel permeability in cm/s and 𝐶𝑎𝑜 is 2mM. 𝑧 is 
the charge of a calcium ion, 𝐹 is the Faraday’s constant in J/(V 
mol), 𝑅 is the gas constant in J/(K mol) and 𝑇 is the absolute 
temperature in Kelvin. 𝑘 is a unit conversion factor and is 
equivalent to 10 when 𝑑 is 1 µm and 𝐼𝑇 is in µA/cm2. In the 
multi-compartment model, 𝑃𝐶𝑎𝑇 is set at 0.0001 cm/s at the 
soma, 0.0004 cm/s at the proximal dendrites (defined as 
dendrites 0-45 μm away from the soma) and 0.00005 cm/s at 
the medial (45-90 μm away from the soma) and distal 
dendrites (>90 μm away from the soma) (Destexhe and 
Sejnowski 2003; McIntyre et al. 2004; Rhodes and Llinas 
2005; Williams and Stuart 2000). In the single compartment 
model, maximum T-type Ca2+

2.5.2 Network model 

 permeability is set at 0.0001 
cm/s (Huguenard and McCormick 1992; McCormick and 
Huguenard 1992). 

The membrane potential of the single compartment STN 
neuron is represented by: 

𝐶𝑚
𝑑𝑉𝑆𝑇𝑁
𝑑𝑡

= −(𝐼𝐿 + 𝐼𝑁𝑎 + 𝐼𝐾 + 𝐼𝑇 + 𝐼𝐶𝑎 + 𝐼𝐴𝐻𝑃 + 𝐼𝐺𝑃𝑒−𝑆𝑇𝑁
+𝐼𝐶𝑇𝑋−𝑆𝑇𝑁 + 𝐼𝐷𝐵𝑆)

 

The membrane potential of the single compartment GPe 
neuron is represented by: 
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𝐶𝑚
𝑑𝑉𝐺𝑃𝑒
𝑑𝑡

= −(𝐼𝐿 + 𝐼𝑁𝑎 + 𝐼𝐾 + 𝐼𝑇 + 𝐼𝐶𝑎 + 𝐼𝐴𝐻𝑃 + 𝐼𝐺𝑃𝑒−𝐺𝑃𝑒 + 𝐼𝑆𝑇𝑁−𝐺𝑃𝑒
+𝐼𝑠𝑡𝑟𝑖𝑎𝑡𝑢𝑚−𝐺𝑃𝑒)

 

The membrane potential of the single compartment GPi 
neuron is represented by: 

𝐶𝑚
𝑑𝑉𝐺𝑃𝑖
𝑑𝑡

= −(𝐼𝐿 + 𝐼𝑁𝑎 + 𝐼𝐾 + 𝐼𝑇 + 𝐼𝐶𝑎 + 𝐼𝐴𝐻𝑃 + 𝐼𝐺𝑃𝑒−𝐺𝑃𝑖 + 𝐼𝑆𝑇𝑁−𝐺𝑃𝑖) 

𝐼𝐿 is the leak current, 𝐼𝑁𝑎  

a) Synaptic input model 

is the fast sodium current, 𝐼𝐾 is the 
fast potassium current, 𝐼𝑇 is the low-threshold 𝐶𝑎+2 current, 
𝐼𝐶𝑎 is the high-threshold 𝐶𝑎+2 current and 𝐼𝐴𝐻𝑃 is the 𝐶𝑎+2 
activated potassium current. Refer to Rubin and Terman 
(2004) and Terman et al. (2002) for parameter values and 
equations describing the ionic currents (Rubin and Terman 
2004; Terman et al. 2002).  

Synaptic currents 𝐼𝐺𝑃𝑒−𝐺𝑃𝑒, 𝐼𝐺𝑃𝑒−𝐺𝑃𝑖, 𝐼𝐺𝑃𝑒−𝑆𝑇𝑁, 𝐼𝑆𝑇𝑁−𝐺𝑃𝑖, and 
𝐼𝑆𝑇𝑁−𝐺𝑃𝑒 are modelled as: 

𝐼𝛼−𝛽 = 𝑔𝛼−𝛽(𝑉𝛽 − 𝐸𝛼−𝛽)�𝑠𝛼
𝑗

𝑗

 

𝑑𝑠𝛼
𝑗

𝑑𝑡
= 𝐴𝛼�1 − 𝑠𝛼

𝑗�𝐻(𝑉𝛼 − 𝜃𝛼) − 𝐵𝛼𝑠𝛼  

𝛼 represents the pre-synaptic nucleus and 𝛽 represents the 
post-synaptic nucleus.  
For 𝐼𝐺𝑃𝑒−𝐺𝑃𝑒, 𝐼𝐺𝑃𝑒−𝐺𝑃𝑖, 𝐼𝐺𝑃𝑒−𝑆𝑇𝑁, 𝐼𝑆𝑇𝑁−𝐺𝑃𝑖, and 𝐼𝑆𝑇𝑁−𝐺𝑃𝑒 , 𝑔𝛼−𝛽 
and 𝐸𝛼−𝛽  

For all synaptic currents (i.e. 𝐼𝐺𝑃𝑒−𝐺𝑃𝑒, 𝐼𝐺𝑃𝑒−𝐺𝑃𝑖, 𝐼𝐺𝑃𝑒−𝑆𝑇𝑁, 
𝐼𝑆𝑇𝑁−𝐺𝑃𝑖, and 𝐼𝑆𝑇𝑁−𝐺𝑃𝑒) 𝐴𝛼, 𝐵𝛼 and 𝜃𝛼 are equivalent to 5, 0.25 
and -10 mV respectively. Projection from striatum to GPe 
(𝐼𝑆𝑡𝑟𝑖𝑎𝑡𝑢𝑚−𝐺𝑃𝑒) is represented as a constant inhibitory current 
and the value is set at -5 pA/µm

are equivalent to (0.3, -85), (0.75, -100), (0.3, -100), 
(0.3, 0), (0.3, 0).  

2. 



 67 Chapter 2 

2.6 Supplementary Materials 

Figure SM1: Derivation of the reduced synaptic input: As the firing 
patterns of the pre-synaptic GPi neurons vary due to PD from 
uncorrelated firing to correlated bursting (A-C) (Chen et al. 2007; 
Chen et al. 2006; Fogelson et al. 2005; Hutchison et al. 2004; Levy et 
al. 2002; Levy et al. 2000; Raz et al. 2000; Terman et al. 2002; 
Trottenberg et al. 2007), the temporal characteristics of the synaptic 
input observed by the post-synaptic TC relay neuron alter (D-F) 
(Guo et al. 2008; Rubin and Terman 2004). We studied the summed 
synaptic conductance change applied to the multi-compartment 
neuron model for different synaptic input correlation levels (𝐶) and 
firing patterns (i.e. regular firing, bursting, frequency-modulated 
tonic firing) of individual GPi neurons, in order to reduce the 
synaptic input to perform quantitative analysis on the single 
compartment model. D: For uncorrelated pre-synaptic GPi input 
(𝐶 = 0), the summed synaptic conductance induced in the TC relay 
neuron resembled a fixed conductance with superimposed noise; E: 
As the correlation level increased; the summed synaptic 
conductance converged to an oscillatory signal. Enhancing the 
correlation level in the GPi input increased the ratio between the 
summed synaptic conductance amplitude and mean conductance in 
a nonlinear fashion (𝐶 = 0.8); F: For very high correlation levels, the 
synaptic conductance resembled the scaled postsynaptic 
conductance change induced by a single GPi neuron (𝐶 = 1). G: The 
reduced synaptic input for the single compartment model 
approximates the multi-compartment synaptic input model using a 
constant synaptic conductance with noise when the group of pre-
synaptic GPi neurons are in the intrinsic uncorrelated state (i.e. 𝛼 = 
0). H: The reduced synaptic input approximates the multi-
compartment synaptic input model by using a noisy sinusoidal 
signal when the group of pre-synaptic GPi neurons are in the 
correlated state due to PD (i.e. 0 <  𝛼 ≤  1). The nonlinear increase 
in the ratio between the summed synaptic conductance amplitude 
and mean level due to changes in the correlation level (multi-
compartment model) is approximated by varying the modulation 
depth (𝛼) of the sinusoidal signal (α = 0.75). I: The reduced synaptic 
input model no longer captures all the temporal characteristics of 
the summed synaptic input when pre-synaptic correlation level is 
greater than 0.95 (𝛼 =  1). Correlation levels greater than 0.95 
correspond to pre-synaptic neurons being synchronized at 
biologically implausible levels (e.g. Fig. SM1C). 
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Abstract 

This study presents a computational model of a 
thalamocortical relay (TCR) neuron that is used to explore 
thalamic relay fidelity in relation to Parkinson’s disease (PD) 
and Deep Brain Stimulation (DBS). Several experimental 
studies demonstrated the oscillatory interaction within and 
between the Basal Ganglia nuclei accompanied with a strong 
tendency to synchronization in the theta (3.5-7 Hz) and beta 
(13-30 Hz) frequency bands. These oscillations have a 
profound influence on TCR neurons and impair relay of 
excitatory cortical inputs by inducing rebound action 
potential generation. In the resting state, without additional 
sensorimotor input, rebound activity is generated for even 
mild inhibition from the globus pallidus internum (GPi). 
Periodic input corresponding to high frequency DBS is found 
to suppress this activity for mild and even more prominent 
GPi inhibition when stimulation amplitude and frequency are 
chosen within a specific stimulation window. While the low 
frequency rebound activity hinders relay of excitatory cortical 
inputs by the TCR neuron, high frequency stimulation with 
parameter settings corresponding to this specific window 
restores the relay functionality. 
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3.1 Introduction 

Parkinson’s disease (PD), a neurodegenerative movement 
disorder, is accompanied with synchronous oscillatory 
activity patterns at multiple levels of the basal ganglia-
thalamocortical loop (Hammond et al. 2007). Primary motor 
symptoms are tremor at rest, bradykinesia, akinesia, and 
rigidity. When medication is no longer effective, Deep Brain 
Stimulation (DBS) can be applied at the subthalamic nucleus 
(STN) (Hashimoto et al. 2003, Levy et al. 2000), the globus 
pallidus internum (GPi) (Anderson et al. 2003), or the ventral 
intermediate thalamic (VIM) nucleus (Benabid et al. 1991) to 
suppress disease symptoms. While thalamic DBS mainly 
reduces tremor, DBS applied at the STN or the GPi 
predominantly alleviates other PD motor symptoms, 
including rigidity and bradykinesia. In a five-year prospective 
study of 49 patients treated with bilateral STN stimulation, an 
average improvement at five years for motor function while 
off medication as compared with baseline was 54% (p<0.001) 
and those for activities of daily living improved by 49% 
(p<0.001) (Krack et al. 2003). It is remarkable that 
irrespective of the target nucleus (i.e. STN, GPi, VIM), DBS was 
found to be effective only for very specific parameter ranges, 
most notably for high frequency (>100 Hz) and relatively low 
stimulus intensity (Moro et al. 2002). Parameter settings for 
DBS are based on several studies (Benabid et al. 1991; 
Limousin et al. 1995; Volkmann et al. 2002; Volkmann et al. 
2006). Despite high clinical success, the mechanism by which 
DBS suppresses or modulates away from pathophysiology of 
the motor network remains unknown. Several hypotheses 
have been formulated regarding mechanism of DBS, including 
depolarization blockade, synaptic inhibition, synaptic 
depression and stimulation-induced disruption of 
pathological network activity (McIntyre et al. 2004). 
Pathophysiology of PD is characterized by increased firing 
rates of neurons in several Basal Ganglia (BG) nuclei (e.g. STN 
and GPi) together with a tendency towards bursting and 
abnormal synchronization in the basal ganglia-
thalamocortical loop (Brown 2003). Numerous experimental 
studies linked synchronization at frequencies within the theta 
(3.5-7 Hz) and beta (13-30 Hz) frequency bands in the basal 
ganglia-thalamocortical loop to PD motor symptoms (Brown 
2003; Chen et al. 2007; Trottenberg et al. 2007). In this circuit 
the thalamus is at a key position as it receives convergent 



 78 From thalamic pathology to suppression 

afferent input from the GPi, the cortex and the peripheral 
system and projects back to the cortex including motor areas 
(Smith et al. 1998). 
Thalamocortical relay (TCR) neurons exhibit oscillatory 
bursting patterns upon release from hyperpolarization. The 
ionic mechanism underlying this rebound behavior is the 
slow, low-threshold T-type Ca2+

In chapter 2, we studied how STN-DBS parameters modulate 
output of a TCR neuron and observed an inverse relationship 
between DBS frequency and amplitude required to suppress 
relay of synchronized BG oscillations to cortex. In this study, 
we investigate TCR membrane properties and modulation of 
TCR output in further detail, using a single compartment TCR 
neuron model. First, we study the neuron’s membrane 
properties using numerical bifurcation analysis. Next, we 
explore input amplitude and frequency dependency in the 
generation and suppression of rebound activity, 
complementary to the work of Rubin and Terman (2004). The 
TCR neuron model is also used to investigate possible 
mechanisms underlying the existence of a clinically effective 
stimulation window, i.e. low stimulation amplitude and high 

 current. It was reported that 
during DBS the output of the BG as received by thalamus is 
modulated rather than restored to a normal state (Dostrovsky 
and Lozano 2002; Hashimoto et al. 2003; Rubin and Terman 
2004). Therefore, the response of TCR neurons to inhibitory 
input from the BG output nucleus, GPi, under both PD and 
DBS conditions seems vital for our understanding of the DBS 
mechanism(s). In their pioneering work, Rubin and Terman 
(2004) have given strong indications to why STN-DBS 
induced synchronized BG output at high frequencies (i.e. 
around 167 Hz) restores the thalamic relay of excitatory 
input, while oscillatory input, synchronized in the theta and 
band frequency bands from the BG, impairs this function 
(Rubin and Terman 2004). In a later study, they have used a 
computational model of a single TCR neuron as well as a 
heterogeneous population of TCR neurons to determine 
thalamic relay fidelity both with simulated BG output and 
with experimentally recorded GPi spike trains from normal 
control and MPTP treated monkeys (Guo et al. 2008). For 
both the theoretical and experimentally recorded GPi activity 
used as input to the TCR neuron model, similar conclusions 
could be drawn regarding loss of thalamic relay fidelity 
during PD (Guo et al. 2008). 
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frequency. To this end, we study how stimulation frequency 
and amplitude modulates relay of low frequency oscillatory 
BG and excitatory cortical inputs and identify a stimulation 
parameter window where relay of low frequency oscillatory 
BG input is suppressed while relay of excitatory cortical input 
is preserved. 
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3.2 Methods 

In this study, the following assumptions were made: 1) 
Synchronized oscillatory activity patterns associated with PD 
motor symptoms are assumed to remain partially present in 
BG output during DBS in accordance with clinical 
observations that firing patterns of some STN neurons appear 
unaltered during DBS with standard settings (Carlson et al. 
2010) and that PD symptoms prevail during sub-therapeutic 
DBS (Butson and McIntyre 2005; Hashimoto et al. 2003; Moro 
et al. 2002; Rizzone et al. 2001). We assume that 
synchronized oscillatory activity patterns persist, as 
stimulation might affect only part of the stimulated nucleus 
and corresponding pathways in the BG (Johnson and McIntyre 
2008). 2) We assume that DBS-induced high frequency 
patterns are transmitted through the BG network and give 
rise to a tonic high frequency synaptic input to the thalamus 
through GPi (Lozano et al. 2002). In chapter 2, for STN-DBS, 
we have shown that DBS frequency is transmitted via the GPi 
output in a computational model of a BG network. 

3.2.1 The thalamocortical relay neuron model 

The TCR neuron is represented by a single compartment 
model with membrane dynamics based on earlier modeling 
work (Cagnan et al. 2009; McIntyre et al. 2004) and 
neurophysiological data (Destexhe et al. 1998; Huguenard 
and McCormick 1992; McCormick and Huguenard 1992). 
From experimental studies it can be concluded that highest T-
type Ca2+ channel densities are found in the distal dendrites 
(dendritic region at > 11 µm from the soma). Without 
including dendritic compartments, T-type Ca2+ channel 
behavior can be included in the single compartment model 
under the constraint that its I-V curves are similar to those of 
intact cells (Destexhe et al. 1998). In this way, the model 
enables the generation of low-threshold bursts, in line with 
experimental recordings. The time-derivative of the 
membrane potential (V) of the TCR neuron, the gating 
variables and Ca2+

𝑑𝑋
𝑑𝑡�        = (𝑋∞ − 𝑋) 𝜏𝑋⁄                             (1) 

 concentration are given by 

𝐶 𝑑𝑉 𝑑𝑡�     = −(𝐼𝑁𝑎,𝑡 + 𝐼𝐾,𝐷𝑅 + 𝐼𝐾,𝑠 + 𝐼𝑇 + 𝐼ℎ + 𝐼𝑁𝑎,𝑙𝑒𝑎𝑘
+𝐼𝐾,𝑙𝑒𝑎𝑘 + 𝐼𝐺𝑃𝑖,𝑇ℎ + 𝐼𝐶𝑡𝑥,𝑇ℎ)
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𝑑[𝐶𝑎]𝑖
𝑑𝑡� = ([𝐶𝑎]𝑏𝑢𝑓 − [𝐶𝑎]𝑖) 𝜏𝐶𝑎⁄ − 𝑘𝐶𝑎𝐼𝑇 

Here 𝐼𝑁𝑎,𝑙𝑒𝑎𝑘 and 𝐼𝐾,𝑙𝑒𝑎𝑘 represent sodium and potassium leak 
currents, respectively, 𝐼𝐾,𝐷𝑅 fast and 𝐼𝐾,𝑠 slow potassium 
currents, 𝐼𝑁𝑎,𝑡 is a transient sodium current, 𝐼𝑇 is a low-
threshold T-type Ca2+ current, 𝐼ℎ a hyperpolarization-
activated current. The synaptic input the TCR neuron receives 
from the GPi is described by 𝐼𝐺𝑃𝑖,𝑇ℎ and excitatory input from 
the cortex is described by 𝐼𝐶𝑡𝑥,𝑇ℎ. Gating variables 
𝑋 ∈  {𝑚,𝑘,𝑛,𝑚𝑇 ,ℎ𝑇 , 𝑐,𝑑, 𝑒1, 𝑒2} satisfy first order differential 
equations. Steady states (𝑋∞) and time constants (𝜏𝑋) of the 
gating variables are described in the Appendix (currents are 
expressed in mA/cm2, conductances in mS/cm2

 

, time in ms, 
voltages in mV, and ion concentrations in mM). 

Figure 1: Response of the TCR neuron model to input currents. Upon 
release from a hyperpolarizing input current (2 mA/cm2 applied for 
150 ms starting at t = 50 ms), a rebound burst appears, while the 
neuron fires tonically in response to a depolarizing input (2 mA/cm2

In the absence of input from the GPi or the cortex, the TCR 
neuron is at rest at approximately -60 mV. Application of 
depolarizing current, results in tonic spiking (Fig. 1). The TCR 
neuron responds with a train of action potentials as it is 
released from inhibition, i.e. rebound burst (Fig. 1) (Destexhe 
and Sejnowski 2003; Sherman 2001; Smith et al. 2000). T-
type Ca

 
for 100 ms starting at t = 350 ms). 

2+ channels play an important role in the generation of 
rebound action potentials. In particular, T-inactivation 
variable ℎ𝑇 de-inactivates when the neuron receives 
inhibitory input. Upon release from inhibition the membrane 
potential repolarizes to the resting membrane potential. T-
activation gate 𝑚𝑇 acts on a much shorter time-scale than ℎ𝑇 
and for a limited time window the T-type Ca2+ channels will 
be open. This Ca2+ current depolarizes the neuron and 
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rebound spikes are observed until ℎ𝑇 is again inactivated 
thereby decreasing the T-type Ca2+

3.2.2 Inputs to the thalamocortical relay neuron model 

 current. 

a) Spike pattern derived from GPi-MER 

Micro-electrode recordings (MER) obtained from a single PD 
patient who underwent DBS electrode implantation in the GPi 
was retrieved. The procedure for DBS was a one stage 
bilateral stereotactic approach, using frame-based three-
dimensional MRI reconstructions for target calculations and 
path-planning, with MER and macro test stimulation. The 
standard target coordinates used were 21 mm lateral to the 
midplane, 2 mm anterior to the midcommissural point (MCP) 
and 5 mm below the intercommissural point (ICL) for the GPi. 
The patient was awake during the surgical procedure and was 
not under the influence of any sedatives. Surgery and MER 
were performed following overnight withdrawal from anti-
parkinsonian (i.e. Levodopa) medication. Extracellular 
single/multi-unit MER was performed with small (10 µm 
width) polyamide-coated tungsten microelectrodes 
(Medtronic microelectrode 291; impedance ≈  1.1 MΩ 
measured at 220 Hz at the beginning of each trajectory) 
mounted on a sliding cannula. Signals were recorded with the 
amplifiers (10,000 times amplification) of the Leadpoint 
system (Medtronic), using a bootstrapping principle and were 
analog band-pass filtered between 500 and 5000 Hz. The 
signal was sampled at 12 kHz, by use of a 16-bit A/D 
converter and afterwards up-sampled to 24 kHz off-line. 
Following a signal stabilization period of two seconds after 
electrode movement cessation, multi-unit segments were 
recorded for 5-40 seconds. Starting from 12 mm above the 
MRI-based target, microelectrodes were advanced in steps of 
500 µm towards the target by a manually controlled 
microdrive. At each depth, the spiking activity of the neurons 
lying close to the needle (an area with a radius up to about 
200 µm) could be recorded. Depending on the neuronal 
density, not more than 3-5 units were recorded 
simultaneously. More distant units could not be distinguished 
from the background noise. Based on surgical annotations 
made by expert neurophysiologists during DBS electrode 
implantation, an MER trajectory was selected. Spikes were 
identified using the envelope method (Dolan et al. 2009) and 
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spike sorting was performed in order to extract the spike 
pattern used as input to the TCR neuron. The spectrum of the 
signal was then calculated according to Halliday et al. (1995) 
and showed a strong frequency component near 5 Hz, see 
figure 2B. 

b) GPi input 

The GABAergic GPi input is described using 

𝐼𝐺𝑃𝑖,𝑇ℎ = (𝑔𝑃𝐷𝑠𝑃𝐷(𝑡)  +  𝑔𝐷𝐵𝑆𝑠𝐷𝐵𝑆(𝑡))(𝑉 – 𝐸𝐺𝐴𝐵𝐴)                (2) 

The post-synaptic conductance changes, 𝑠𝑃𝐷(𝑡) and 𝑠𝐷𝐵𝑆(𝑡), 
are modeled as impulse responses that decay exponentially 
with time constant 𝜏𝐺𝐴𝐵𝐴 = 10 ms. 𝑠𝑃𝐷(𝑡) = exp(−(𝑡 −
𝑡𝑖)/𝜏𝐺𝐴𝐵𝐴), where 𝑡𝑖 is equivalent to the most recent GPi spike 
time. GPi spike times were derived from the GPi-MER, as 
described in the preceding section and shown in figures 2A 
and 4B. Average bursting frequency of the GPi neuron was 5 
Hz (Fig. 2B). 

 
Figure 2: A: First 5 seconds of the experimental GPi time series. B: 
Spectrum of the experimental GPi time series. 95% confidence 
levels are indicated by dashed lines. 



 84 From thalamic pathology to suppression 

The post-synaptic conductance change induced by DBS 
(second term in Eq. 2) is modeled as a periodic exponentially 
decaying pulse train 𝑠𝐷𝐵𝑆(𝑡) = exp(−mod(𝑡, 1000/𝑓𝐷𝐵𝑆)/
𝜏𝐺𝐴𝐵𝐴), where mod is the modulus function. Parameters 𝑔𝑃𝐷 
and 𝑔𝐷𝐵𝑆 represent maximum conductances. During DBS, 
activity at the target nucleus is assumed to be partially 
overwritten depending on the volume of tissue activated, 
based on previous computational studies (Butson and 
McIntyre 2005; Hahn and McIntyre 2010). In order to ensure 
that average inhibition applied to the TCR neuron remains 
constant, we keep the sum of 𝑔𝑃𝐷 and 𝑔𝐷𝐵𝑆 constant by 
setting 𝑔𝑃𝐷 = 𝑔𝑃𝐷,𝑚𝑎𝑥(1− 𝜆) and 𝑔𝐷𝐵𝑆 =  𝛽𝑔𝑃𝐷,𝑚𝑎𝑥𝜆. The 
recruitment factor 𝜆 (between 0 and 1) represents fraction of 
the GPi input that is replaced with tonic DBS induced activity 
patterns. 𝛽 accounts for an increase in firing rate due to 
electrical stimulation (Hahn et al. 2008; Reese et al. 2008) and 
ranges from 1 to 2. Finally, we set 𝐸𝐺𝐴𝐵𝐴 = −85 mV (McIntyre 
et al. 2004; Rubin and Terman 2004). 
The spike pattern derived from GPi-MER exhibits average 
bursting frequency of 5 Hz. In order to perform a thorough 
analysis on the response of the TCR neuron to the complete 
frequency range associated with parkinsonian oscillatory 
activity, we make use of a simulated GPi input. This reduced 
representation was previously described in chapter 2. 

𝐼𝐺𝑃𝑖,𝑇ℎ = 𝑔𝐺𝑃𝑖,𝑇ℎ�1 + 𝛼𝑃𝑠𝑖𝑛(2𝜋𝑓𝑃𝑡)�(𝑉 − 𝐸𝐺𝐴𝐵𝐴)                    (3) 

The GPi input is characterized by an oscillation frequency 𝑓𝑃 
which represents the average bursting frequency of the pre-
synaptic GPi neurons. 𝛼𝑃 is the modulation depth that gives a 
measure of the synchronization level among the pre-synaptic 
GPi neurons; its value ranges between 0 (i.e. uncorrelated) 
and 1 (i.e. complete synchronization). For equation 3 we set 
𝑔𝑃𝐷,𝑚𝑎𝑥 = 𝑔𝐺𝑃𝑖,𝑇ℎ(1 + 𝛼𝑃). 

c) Sensorimotor input 

The excitatory (glutamatergic) synaptic input from the cortex, 
𝐼𝐶𝑡𝑥,𝑇ℎ, is modeled as a sequence of block pulses 𝑠𝐶𝑡𝑥,𝑇ℎ(𝑡) 
with a pulse width of 5 ms (𝑠𝐶𝑡𝑥,𝑇ℎ = 1 during the pulse and 
𝑠𝐶𝑡𝑥,𝑇ℎ = 0 otherwise) and pulse amplitude of 𝑔𝐶𝑡𝑥,𝑇ℎ (Rubin 
& Terman 2004, Guo et al. 2008) 
𝐼𝐶𝑡𝑥,𝑇ℎ  =  𝑔𝐶𝑡𝑥,𝑇ℎ 𝑠𝐶𝑡𝑥,𝑇ℎ(𝑡)(𝑉 − 𝐸𝐺𝑙𝑢𝑡)                                        (4) 
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The reversal potential for glutamate is 𝐸𝐺𝑙𝑢𝑡 = 0 mV 
(Destexhe et al. 1998; Kim et al. 1997; McIntyre et al. 2004; 
Rubin and Terman 2004; Terman et al. 2002). 

3.2.3 Simulation protocol 

Analysis of the TCR neuron model was performed using the 
MATLAB toolbox MATCONT, a continuation and bifurcation 
toolbox for the interactive numerical study of dynamical 
systems (Dhooge et al. 2003). Periodic orbits have been 
computed using 80 mesh points and standard tolerances. 
Time signals were computed using MATLAB (version 7.3, The 
MathWorks, Inc.) using “ode15s” for solving the differential 
equations. 

a) TCR response to GPi input 

First, we investigate the response of the TCR neuron to GPi 
input only, i.e. without high frequency stimulation and 
sensorimotor input (𝑔𝐷𝐵𝑆 = 𝑔𝐶𝑡𝑥,𝑇ℎ = 0 mS/cm2). First, we 
increase 𝑔𝑃𝐷,𝑚𝑎𝑥 to a value where the low frequency 
oscillations observed in the experimental GPi time series elicit 
rebound responses. Subsequently, we consider the sensitivity 
of our results to the level of synchrony and average burst 
frequency of pre-synaptic GPi neurons using equation 3. We 
vary the parameters of the synaptic input 𝑔𝐺𝑃𝑖,𝑇ℎ, 𝑓𝑃, and 𝛼𝑃. 
Initially 𝑓𝑃 in equation 3 is set to 8 Hz and 𝑔𝐺𝑃𝑖,𝑇ℎ =
0.1 mS/cm2. When we increase 𝛼𝑃, there is a critical value 𝛼𝑐1 
indicating the threshold between the generation of sub-
threshold oscillations and rebound spikes. Reversing the 
direction, starting at 𝛼𝑃 = 1 and decreasing 𝛼𝑃, we find 
another value 𝛼𝑐2 indicating a threshold between the 
generation of rebound spikes and sub-threshold oscillations. 
Both thresholds 𝛼𝑐1 and 𝛼𝑐2 are detected automatically within 
MATCONT. We have determined both critical values while 
varying 𝑓𝑃.  

b) Stimulation induced patterns: rebound suppression 
and relay reliability 

By applying a stimulation signal we investigate if, how, and 
under which conditions application of high frequency 
inhibitory input prevents the TCR neuron from responding to 
and relaying the bursting GPi input. Here we only use the 
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experimentally recorded GPi time series (Eq. 2). To analyze 
the performance of stimulation in suppressing rebound 
responses we define the suppression level 𝑆 as the ratio of the 
number of suppressed rebound spikes and the number of 
rebound spikes without stimulation. When a rebound 
response consists of multiple spikes, it is counted as one 
response. In the presence of cortical excitatory input, the 
relay function of the TCR neuron is tested using the relay level 
𝑅 defined as the ratio of successfully relayed input pulses and 
the number of excitatory pulses. Based on the excitatory 
input, the expected spike times are known and therefore we 
can classify the generating mechanism for each action 
potential. We distinguish between relay of excitatory input 
pulses and rebound responses to inhibitory bursting GPi 
input. Suppression and relay levels allow investigating 
separately the two different responses that may be attributed 
to pathology, i.e. the inability to relay sensorimotor signals, 
and the generation of rebound responses, resulting in 
transmission of the BG oscillatory content to cortex. 𝑆 > 0.9 is 
considered to indicate sufficient rebound suppression and 
𝑅 > 0.9 to indicate sufficient relay. Simulations are performed 
for stimulation frequencies up to 200 Hz (starting at 20 Hz 
with steps of around 15 Hz) with 𝜆, the level of overwriting, 
between 0 and 1 (with an average step size of 0.05). We use 
𝑔𝑃𝐷,𝑚𝑎𝑥 = 0.4 mS/cm2 and test 𝛽 = 1.0,1.2,1.5,2.0. For the 
excitatory input level we use 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.13,0.15,0.17 mS cm2⁄  
Lower values of 𝑔𝐶𝑡𝑥,𝑇ℎ lead to insufficient relay, while for 
values larger than 0.2 each excitatory input yields two spikes 
which is also classified as bad relay. The timing of the 
excitatory pulses is determined according to a Poisson 
distribution with a mean frequency of 16.5 Hz. In order to test 
the sensitivity of the model neuron, we increase the maximum 
T-type Ca2+ channel permeability level, 𝑝𝐶𝑎, corresponding to 
the strength of the T-type Ca2+

  

 current, from 0.1 to 0.15 cm/s. 
Simulation of each of the conditions spans a period of 40 s. 
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3.3 Results 

3.3.1 Response of the TCR neuron to GPi input 

 
Figure 3: Response of the TCR neuron to GPi input. A: Number of 
rebound responses as a function of 𝑔𝑃𝐷,𝑚𝑎𝑥 . For 𝑔𝑃𝐷,𝑚𝑎𝑥 >
0.35 mS/cm2 some rebound responses consist of multiple spikes. B: 
Spectrum of the TCR response with peaks around 5 and 90 Hz for 
𝑔𝑃𝐷,𝑚𝑎𝑥 = 0.5 mS/cm2. The first peak is due to the GPi burst 
frequency, the second peak is due to bursts consisting of multiple 
spikes. 

We simulated the TCR response to the spike pattern derived 
from the GPi-MER, according to equation 2. Average GPi 
bursting frequency was 5 Hz (Fig. 2B). We tested the effect of 
𝑔𝑃𝐷,𝑚𝑎𝑥 (i.e. strength of the GPi input) on the TCR response by 
increasing 𝑔𝑃𝐷,𝑚𝑎𝑥 from 0 to 0.5 mS/cm2 in the absence of 
DBS-driven and excitatory cortical input (i.e. 𝑔𝐷𝐵𝑆 = 𝑔𝐶𝑡𝑥,𝑇ℎ =
0 mS/cm2). For small 𝑔𝑃𝐷,𝑚𝑎𝑥 there is only sub-threshold TCR 
activity, while above a threshold of 𝑔𝑃𝐷,𝑚𝑎𝑥 ≈ 0.15 mS/cm2 
the TCR neuron shows rebound activity (Fig. 3). We observe 
that for sufficiently high 𝑔𝑃𝐷,𝑚𝑎𝑥, spiking frequency of the 
TCR neuron is 5 Hz (Fig. 3B). We conclude that the TCR 
neuron relays the low frequency component of the GPi input 
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corresponding to the average GPi bursting frequency (Fig. 
2B). The rebound responses of the TCR neuron occur during 
silent intervals following a GPi burst, see figures 4A-D. During 
a GPi burst, the T-type Ca2+ current de-inactivates providing 
the depolarizing drive for a post-inhibitory spike. The rate at 
which the T-type Ca2+

 

 current de-inactivates plays a crucial 
role in determining whether the TCR neuron will spike 
following a GPi burst e.g. around t=2750 ms (Fig. 4D). 

Figure 4: A: the pre-synaptic GPi spike times; B: the synaptic input 
𝑠𝑃𝐷; C: T-type Ca2+ current inactivation gating variable ℎ𝑇 ; D: the 
membrane potential V of the TCR neuron. (𝑔𝑃𝐷,max =  0.3 mS/cm2, 
𝑔𝐷𝐵𝑆 = 𝑔𝐶𝑡𝑥,𝑇ℎ = 0 mS/cm2) 
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Previous experimental studies indicated that a group of GPi 
neurons project onto a TCR neuron (Smith et al. 1998). 
Moreover, it has been reported that GPi neurons in addition 
to exhibiting bursting activity patterns, are also synchronized 
to each other in the theta and beta frequency bands during PD 
(Raz et al. 2000). Therefore, as well as testing the response of 
the TCR neuron to the strength of the GPi input (Fig. 3), we 
tested its response to average burst frequency and synchrony 
of a group of pre-synaptic GPi neurons. In chapter 2, we have 
shown that the post-synaptic change induced by a group of 
GPi neurons can be approximated with a sinusoid. Frequency 
of the sinusoid (𝑓𝑃) captures the average bursting frequency 
of the pre-synaptic GPi neurons while the modulation depth 
(𝛼𝑃) of the sinusoidal input captures the level of synchrony 
between the pre-synaptic GPi neurons. Initially 𝑓𝑃 in equation 
3 is set to 8 Hz and 𝑔𝐺𝑃𝑖,𝑇ℎ = 0.1 mS/cm2. When 𝛼𝑃 = 0, the 
GPi input is constant and the TCR neuron responds by settling 
to a steady state. For small 𝛼𝑃 the membrane potential 
responds with small sub-threshold oscillations. When 𝛼𝑃 is 
incrementally increased from 0 to 1, it is observed that for 
values of 𝛼𝑃 below a critical value, 𝛼𝑐1, no rebound action 
potentials are generated, while above this value the TCR 
neuron will always fire (at least once per period). By 
reversing the experiment (i.e. decreasing 𝛼𝑃 from 1 to 0 until 
the rebound action potential disappears) it is found that the 
critical value 𝛼𝑐2 is smaller than 𝛼𝑐1, indicating a region of 
bistability. Figure 5 shows both critical values as a function of 
the average pre-synaptic GPi burst frequency. Figure 5 shows 
that the frequency selectivity of the TCR neuron model has a 
large overlap with experimentally observed frequencies 
related to synchronized activity during PD (Brown 2003; 
Magill et al. 2000; Magnin et al. 2000; Nini et al. 1995; Raz et 
al. 2000). For a frequency 𝑓𝑃 of 8 Hz, i.e. the frequency for 
which the threshold level is at a minimum, 𝛼𝑐1 = 0.81 and 
𝛼𝑐2 = 0.79. The bistable behavior of the TCR neuron for this 
situation is presented in figure 6. The instability boundaries 
of the spiking and non-spiking solutions consist of saddle-
node and period-doubling bifurcations. These boundaries 
depend smoothly on other system parameters (Chow and 
Hale 1982; Kuznetsov 2004). 
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Figure 5: For the frequency range from 3 to 20 Hz the threshold 
levels for the generation of rebound action potentials (solid line) 
and no rebound action potentials (dotted line) enclose a region of 
bistability (𝑔𝐺𝑃𝑖,𝑇ℎ = 0.1 mS/cm2). 

 
Figure 6: For 𝑓𝑃  =  8 Hz, 𝛼𝑃 =  0.8 and 𝑔𝐺𝑃𝑖,𝑇ℎ = 0.1 mS/cm2 the 
TCR neuron described by equation 1 exhibits both A: stable non-
spiking and B: stable spiking solutions. This region of bistability 
ranges from 𝛼𝑐2 ≈ 0.79 < 𝛼𝑃 < 𝛼𝑐1 ≈ 0.81. 

3.3.2 High frequency stimulation: rebound suppression 
and relay reliability 

We investigated modulatory effect of the DBS-driven 
inhibition from the GPi on the TCR neuron. The TCR neuron 
received as input the spike pattern derived from the GPi-MER 
together with the DBS-driven input based on the assumption 
that DBS does not completely regularize synchronized 
oscillatory activity patterns observed in the BG during PD (Eq. 
2). The addition of stimulation induced inhibitory and 
excitatory cortical inputs altered the response of the TCR 
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neuron. Depending on input parameters, several qualitatively 
different scenarios exist. Examples of these different 
responses are shown in figure 7 where the membrane 
potential of the TCR neuron and the excitatory input are 
presented. For the GPi input we set 𝑔𝑃𝐷,𝑚𝑎𝑥 = 0.4 mS/cm2. 
For the stimulation, we set the frequency 𝑓𝐷𝐵𝑆 = 135 Hz, the 
rate of activity increment 𝛽 = 1.2 and the overwriting 
parameter 𝜆 is low (0.05), intermediate (0.1-0.2) or complete 
(1.0). 
Without excitatory input (𝑔𝐶𝑡𝑥,𝑇ℎ = 0 mS/cm2) rebound 
responses still exist during low amplitude DBS (Fig. 7A). For 
intermediate values of 𝑔𝐷𝐵𝑆, these are suppressed due to 
extra inhibition that keeps the membrane potential below a 
firing threshold (Fig. 7B). In the presence of excitatory inputs, 
even at low values of 𝜆, most rebounds are suppressed (Fig. 
7C). For intermediate values of 𝜆, rebounds completely 
disappear (Fig. 7D). Under these conditions, most of the 
excitatory inputs were relayed. High 𝑔𝐷𝐵𝑆, however, induces 
inhibition causing relay failure (Fig. 7E). Relay failure also 
occurs if the strength of the excitatory input is too low (Fig. 
7F). As soon as stimulation is stopped rebound activity re-
appears. Note that only the scenarios shown in figures 7B and 
7D seem desirable as both rebounds are suppressed and 
excitatory inputs are relayed. 
Next, we have varied the parameters 𝜆 and 𝑓𝐷𝐵𝑆 
systematically to find regions with sufficient rebound 
suppression (𝑆 > 0.9) and relay reliability (𝑅 > 0.9), see 
figure 8. For each frequency 𝑓𝐷𝐵𝑆 we have determined a value 
of the parameter 𝜆 corresponding to this threshold resulting 
in S-curves and R-curves. For all panels rebounds are 
suppressed above the S-curves and sufficient relay occurs 
below the R-curves. 
For the S-curves (dashed) we distinguish two cases, with and 
without excitatory input to be relayed, denoted by 𝑆𝑅 and 𝑆𝑁, 
respectively. The SN-curves shown in figures 8A-F presents 
the minimal recruitment level (𝜆) required for a given 
stimulation frequency 𝑓𝐷𝐵𝑆 to suppress transmission of the 
bursting GPi input when no excitatory inputs are applied.  



 92 From thalamic pathology to suppression 

 
Figure 7: For the GPi input we fix 𝑔𝑃𝐷,𝑚𝑎𝑥 = 0.4 mS/cm2 and 
𝛽 = 1.2. The stimulation frequency is set at 𝑓𝐷𝐵𝑆 = 135 Hz. The 
uppertraces represent the membrane voltage of the TCR neuron. 
For C-F the precise timing of the excitatory input (mean frequency 
16.5 Hz) is displayed beneath each voltage trace. A: 𝜆 = 0.05 and 
𝑔𝐶𝑡𝑥,𝑇ℎ = 0: DBS too weak; B: 𝜆 = 0.2 and 𝑔𝐶𝑡𝑥,𝑇ℎ = 0: DBS 
sufficiently strong; C: 𝜆 = 0.05 and 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.15: DBS too weak, 
still rebound responses; D: 𝜆 = 0.2 and 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.15: Perfect relay 
and no rebounds; E: 𝜆 = 1 and 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.15: relay failure due to 
strong DBS; F: 𝜆 = 0.1 and 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.10: Input too weak. 

The SR-curves have been determined in the presence of 
excitatory inputs. The SR-curves are lower than the SN-curves 
due to the dynamics of the T-type Ca2+ current, in particular 
the inactivation variable ℎ𝑇 . The excitatory input 



 93 Chapter 3 

(𝑔𝐶𝑡𝑥,𝑇ℎ = 0.15 mS/cm2) gives rise to rapid inactivation of the 
T-type Ca2+ channels thereby preventing a rebound response. 
As a result, following each GPi burst, the T-type Ca2+

Both the S

 current is 
less de-inactivated in the presence of excitatory inputs. 
Consequently, after the GPi burst, the stimulation needs to 
provide less inhibition to prevent the post-inhibitory spike. 
We conclude that the presence of the excitatory signal 
enhances the ability to suppress rebounds resulting in 
substantially lower minimal recruitment levels (𝜆). This is 
illustrated in figure 9; for weak DBS and weak excitatory 
inputs relay failure is observed together with partial rebound 
suppression. 

N-curves and SR-curves show two asymptotes: for 
frequencies above 100 Hz an almost flat plateau occurs, while 
for lower stimulation frequencies the minimal recruitment 
level (𝜆) increases. Stimulation below 40 Hz fails to suppress 
rebound activity in most cases. When 𝑓𝐷𝐵𝑆 is very high (> 150 
Hz), the post-synaptic conductance change induced by DBS is 
nearly constant and the R-curve decreases for increasing 𝑓𝐷𝐵𝑆. 
The combined SN and R-curves show that certain 
combinations of stimulation amplitude and frequency, 
represented by 𝜆 and 𝑓𝐷𝐵𝑆, respectively, satisfy the condition 
for both sufficient relay (below R-curve) and rebound 
suppression (above SN

This parameter window ranges for frequencies above 50 Hz 
and with 𝜆 between 0.15 and 0.3. The lower boundary is not 
demarcated by the S

-curve). Within this amplitude-
frequency window, the stimulation prevents transmission of 
the pathological oscillatory input, but does not impair the 
relay of excitatory input provided this input is sufficiently 
strong. 

R-curve as stimulation should also 
suppress rebounds during rest, i.e. in the absence of 
excitatory inputs. The size of this amplitude-frequency 
parameter window varies with altered parameters. First, 
changing 𝛽 to 2.0 (Fig. 8B) or 1.2 (Fig. 8C), we see that the R-
curve lowers with increasing 𝛽. This is expected as the level of 
inhibition increases and as a result excitatory input is less 
easily relayed. Increasing 𝛽 also lowers both S-curves as the 
stimulation induces more inhibition which makes it easier to 
suppress rebounds. The effect on the R-curve is much 
stronger than on the S-curves and for larger 𝛽 the amplitude-
frequency window is smaller. 
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Figure 8: Sufficient suppression occurs above the S-curves (dashed), 
while sufficient relay is found below the R-curves (solid). For SN-
curves 𝑔𝐶𝑡𝑥,𝑇ℎ = 0 mS/cm2, while for SR-curves 𝑔𝐶𝑡𝑥,𝑇ℎ is nonzero. 
Parameters are set to 𝑔𝑃𝐷,𝑚𝑎𝑥 = 0.4 mS/cm2, 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.15 mS/cm2 
and 𝑝𝐶𝑎 = 0.1 cm/s unless explicitly specified. A: 𝛽 = 1.5, B: 𝛽 = 2, 
C: 𝛽 = 1.2, D: 𝛽 = 1.0, E: Same as A with stronger T-type Ca2+ 
current (i.e. 𝑝𝐶𝑎 = 0.15 cm/s), F: different amplitudes for the 
excitatory input 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.13 mS/cm2 (R1), 0.15 mS/cm2 (R2), 0.17 
mS/cm2 (R3

We also see that with 𝛽 = 1, i.e. no extra activity due to 
stimulation, sufficient relay still occurs for 𝜆 = 1, figure 8D. 
Stronger T-type Ca

). 

2+ current (𝑝𝐶𝑎 = 0.15 cm/s instead of 
0.1 cm/s), makes it harder to suppress rebounds raising the 
S-curves, compare figures 8A and 8E. During an excitatory 
input, the T-type Ca2+ current provides an extra driving force 
for the relay of the excitatory input, which makes the cell 
more responsive and raises the R-curve. Third, we see that 
varying the strength of the excitatory input has a strong effect 
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on the R-curve, but not the S-curves, figure 8F. This is 
expected as it mainly influences the chance for successful 
relay. In fact, the SR

In case of low cortical input pulse amplitude, the R-curve 
would overlap with the S

-curve has been plotted for three values of 
𝑔𝐶𝑡𝑥,𝑇ℎ, but they are nearly indistinguishable. 

N-curve. In this case, stimulation will 
not be able to both suppress rebounds and provide sufficient 
relay. Furthermore, we also tested the effect of different mean 
frequencies of the excitatory input 𝑓𝐶𝑡𝑥,𝑇ℎ = 14.5, 16.5 
, 18.5, 21.5 Hz (not shown). As 𝑓𝐶𝑡𝑥,𝑇ℎ increases, the R-curve 
lowers since the probability of DBS-induced inhibition and 
excitatory pulse overlapping is higher. The effect on the SR 
and SN

 

-curves is negligible. 

Figure 9: A: membrane potential V and B: ℎ𝑇 with weak input and 
weak stimulation (𝛽 = 1.0, 𝜆 = 0.025 and 𝑔𝐶𝑡𝑥,𝑇ℎ = 0.10 mS/cm2). 
The inactivation of the T-type Ca2+

  

 current follows the slow 
oscillation and builds up slowly and decays slowly. During an 
excitatory pulse the inactivation drops quickly reducing the drive to 
fire rebounds. Just after a burst there is very little inhibition so that 
the membrane potential is near its resting potential around -60 mV. 
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3.4 Discussion 

This study investigated modulation of thalamic relay by high 
frequency stimulation. We have shown that stimulation 
frequency suppresses relay of low frequency GPi oscillations. 
Suppression occurs for low stimulation amplitudes, however 
excessively high amplitudes block relay of excitatory cortical 
input. Together this yields a parameter window where relay 
of low frequency oscillatory GPi input is suppressed and relay 
of excitatory cortical input is preserved. Partial suppression 
of relay of low frequency GPi oscillations may also be 
achieved with excitatory input without stimulation. 
It has been proposed that two principal modes of 
synchronized activity within the subthalamo-pallidal-
thalamo-cortical circuit exist with the low frequency 
oscillations (<30 Hz) facilitating slow idling rhythms in the 
motor areas of the cortex and the high frequency oscillations 
(>60 Hz) restoring dynamic task-related cortical activity 
(Brown 2003). Thalamus, which receives convergent 
GABAergic input from the BG output nucleus, GPi, and 
projects to the cortex, is located in a unique position in this 
circuit. Numerical bifurcation analysis revealed that the TCR 
neuron selectively responds to and relays GABAergic low 
frequency oscillations (Fig. 5). We observed that the 
frequency selectivity is an intrinsic property of the membrane 
(Cagnan et al. 2009). The low frequency response consists of 
rebound action potentials since the T-type Ca2+ current acts as 
a driving force in generating post-inhibitory action potentials. 
Qualitative bifurcation theory (Chow and Hale 1982; 
Kuznetsov 2004) asserts the robustness of the neuron’s 
behavior with respect to perturbations of other system 
parameters. This frequency dependent response has been 
reported earlier for thalamic cells by Smith et al. (Coombes et 
al. 2001; Smith et al. 2001; 2000) who explored the effect of 
directly injected oscillating current on bursting using a 
reduced integrate-and-fire model, with input frequencies of 
0.1 to 10 Hz. In chapter 2, we have shown that the post-
synaptic change induced by a group of synchronized bursting 
pre-synaptic neurons can be modeled using a sinusoid. 
Frequency of the sinusoid (𝑓𝑃) captures the average bursting 
frequency of the pre-synaptic neurons while the modulation 
depth (𝛼𝑃) of the sinusoidal input captures the level of 
synchrony between the pre-synaptic neurons. In order to 
perform numerical bifurcation analysis to investigate 
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selectivity of the TCR neuron to pre-synaptic GPi synchrony 
and burst frequency, we chose to use the simulated GPi input 
(Eq. 3, chapter 2) to drive the TCR neuron instead of the GPi-
MER, since 1- single MER only captures the spiking pattern of 
a limited number of neurons (i.e. 3-5 neurons), 2- units 
captured in a single MER are not necessarily synchronized 
because proximity does not guarantee synaptic connection 
between neighboring neurons and neither indicates that 
neighboring neurons are part of the same functional network, 
and 3- MERs obtained every 500 µm limits the probability of 
capturing units which are synchronized to one another. 
Bifurcation analysis revealed bistable behavior of the TCR 
neuron, i.e. a non-spiking or silent mode and a rebound 
spiking mode (Fig. 5). This bistability could lead to a natural 
fluctuation in the strength of the projection from the thalamus 
to the cortex.  
It was observed that excitatory input was able to suppress 
rebound activity if the amplitude of the GPi input was not too 
high. This cortical (excitatory) input may involve sensory 
information, e.g. visual information for guidance of 
movement, or preparatory information for the execution of 
movement, which has been reported to suppress PD tremor 
(Amirnovin et al. 2004). The presence of excitatory input 
makes it easier to suppress rebounds. Successful relay of 
excitatory input disrupts de-inactivation of T-type Ca2+

Mechanism of DBS has been hypothesized to be complete 
overwriting and/or regularization of oscillatory synchronized 
BG activity patterns associated with PD (Kuncel et al. 2007; 
McIntyre et al. 2004; Rubin and Terman 2004). Rubin and 
Terman (2004) assumed full overwriting of BG activity during 
DBS. In this study, regularized GPi activity restored the relay 
functionality of TCR neurons (Rubin and Terman 2004). 
Recently, it was shown that full overwriting is not necessary 
and that there is an inverse relationship between stimulation 
amplitude and frequency required to suppress relay of BG 
oscillations (Cagnan et al. 2009). Here, we consider the role of 
stimulation on TCR function in further detail. 

 
channels which reduces the driving force to generate a 
rebound spike. This membrane property could contribute to 
the absence of parkinsonian rest tremor during voluntary 
movement and to the efficacy of external cues in helping PD 
patients to execute movements. 
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In this study, we consider stimulation to be effective when the 
generation of rebound activity in response to inhibitory 
oscillatory input is diminished while the ability to relay 
cortical information is preserved. As shown in figure 8 
successful relay occurs for amplitude-frequency combinations 
that remain below the R-curves, while for successful 
suppression of rebound activity amplitude-frequency 
combinations must be chosen such that they remain above 
the S-curves. Figure 8 shows that for frequencies below about 
40 Hz the stimulation amplitude must be high in comparison 
to stimulation frequencies above 70 Hz. This is in accordance 
with the experimentally observed inverse relationship 
between the DBS frequency and stimulus intensity (Benabid 
et al. 1991; Gao et al. 1999; Limousin et al. 1995). For low 
stimulation frequencies, the window created by the R and S-
curves is reduced. We hypothesize that the efficacy of high 
frequency stimulation is embedded in the fact that a regular 
input of moderate amplitude prevents the relay of bursting 
GPi input before an informational lesion occurs with 
increasing amplitude. 
We previously used a BG network model projecting on to a 
TCR neuron to study DBS parameter dependency in 
suppression of relay of oscillatory synchronized BG activity to 
cortical regions by the TCR neuron (Cagnan et al. 2009). In 
this study, we make use of spike patterns derived from GPi-
MER and simulated DBS-induced patterns in order to drive 
the TCR neuron. The reduced input model captures partial 
overwriting of oscillatory BG activity patterns during DBS 
through the overwriting parameter 𝜆 and the increase in the 
firing rate of some GPi neurons as a result of the DBS induced 
activity patterns in the BG network through the parameter 𝛽. 
Experimental and computational studies have shown that 
regularization and changes in firing rates in the GPi are 
dependent on STN-DBS frequency (Cagnan et al. 2009; Dorval 
et al. 2008). It has been reported that STN-DBS gives rise to 
increased and regularized firing rates at the GPi while low 
frequency stimulation is not as effective in regularizing GPi 
oscillatory activity patterns. In this study, 𝛽 accounts for 
changes in GPi firing rates independent of DBS frequency. 
It should also be noted that pathophysiological changes in PD 
not only result from changes in firing patterns but also from 
changes in firing rates and changes in network connections 
leading to, for example, loss of functional segregation 
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resulting in interference between competing motor circuits 
and a reduced ability to suppress unwanted movements 
(Molnar et al. 2005; Moroney et al. 2008). It may therefore be 
expected that stimulation acts via different mechanisms on 
different motor symptoms of PD (Temperli et al. 2003). In 
support of this hypothesis is the fact that tremor intensity is 
almost instantaneously reduced when switching on the 
stimulation, while alleviating bradykinesia, rigidity and axial 
symptoms requires a longer time scale to take effect (Johnson 
et al. 2008). The same conclusion can be drawn from the fact 
that over a 5-year period the effectiveness of DBS is different 
for different symptoms, as observed by Krack et al. (2003). 
Worsening of akinesia, speech, postural stability, freezing of 
gait and cognitive function between the first and the fifth year 
was found to be consistent with the natural history of PD. 
In summary, the mechanism of DBS as explored in this study 
primarily focuses on the effectiveness of stimulation to 
suppress relay of oscillatory GPi input. Even though our 
model is a gross simplification of the output and activity of 
the combined BG and cortico-thalamic network, the 
simulation results are in good agreement with experimental 
data (Benabid et al. 1991; Gao et al. 1999; Limousin et al. 
1995). Our results also show that the effectiveness of high 
frequency DBS may result from selective suppression of relay 
of oscillations at low frequencies from BG to thalamocortical 
circuitry, while relay of sensorimotor information is not 
affected for low stimulation amplitudes. Only at very high 
stimulation amplitudes (nearly independent of frequency) an 
‘informational lesion’ is observed. 
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3.5 Appendix 

Parameters for the gating variables are represented by  
𝑋∞ = 𝛼𝑋/(𝛼𝑋 + 𝛽𝑋) and 𝜏𝑋 = 1/(𝛼𝑋 + 𝛽𝑋 ) (Destexhe et al. 
1998; Huguenard and McCormick 1992; McCormick and 
Huguenard 1992; McIntyre et al. 2004). 
Sodium current  
𝐼𝑁𝑎 = 𝑔𝑁𝑎𝑚3ℎ(𝑉 − 𝐸𝑁𝑎) 

𝛼𝑚 = 0.32�−(𝑉𝑚 + 55)� �𝑒−(𝑉𝑚+55)/4 − 1��  

𝛽𝑚 = 0.28(𝑉𝑚 + 28) �𝑒(𝑉𝑚+28)/5 − 1�⁄  

𝛼ℎ = 0.128𝑒−(𝑉𝑚+51) 18⁄  

𝛽ℎ = 4 �𝑒−(𝑉𝑚+28)/5 + 1�⁄  

Potassium currents 
𝐼𝐾𝐷𝑅 = 𝑔𝐾𝑛4(𝑉𝑚 − 𝐸𝐾) 

𝛼𝑛 = 0.032�−(𝑉𝑚 + 63.8)� �𝑒−(𝑉𝑚+63.8)/5 − 1��  

𝛽𝑛 = 0.5𝑒−(𝑉𝑚+68.8) 40⁄  

𝐼𝐾𝑠 = 𝑔𝐾𝑠𝑑(0.4𝑒1 + 0.6𝑒2)(𝑉𝑚 − 𝐸𝐾) 

𝜏𝑑 = 2.5 + 0.253 �𝑒((𝑉𝑚−81) 25.6⁄ ) + 𝑒(−(𝑉𝑚+132) 18⁄ )�⁄  

𝑑∞ = �1 1 + 𝑒−((𝑉𝑚+43) 17⁄ )⁄ �
4

 

𝜏𝑒1 = 30.4 + 0.253 �𝑒((𝑉𝑚−1329) 200⁄ ) + 𝑒(−(𝑉𝑚+130) 7.1⁄ )�⁄  

𝑒1∞ = 1 1 + 𝑒((𝑉𝑚+58) 10.6⁄ )⁄  

𝑖𝑓 𝑉𝑚 ≤ −70 𝜏𝑒2 = 𝜏𝑒1; 𝑒𝑙𝑠𝑒 𝜏𝑒2 = 2260 

𝑒2∞ = 𝑒1∞ 

Hyperpolarization activated cation current  
𝐼ℎ = 𝑔ℎ𝑐3(𝑉𝑚 − 43) 

𝜏𝑐 = 1 𝑒�−15.45−(0.086𝑉𝑚)�⁄ + 𝑒(−1.17+0.0701𝑉𝑚)  

𝑐∞ = 1 𝑒(𝑉𝑚+85) 5.5⁄ + 1⁄  

T-type Ca2+ current 
𝐼𝑇 = 𝑝𝐶𝑎𝑚𝑇

2ℎ𝑇𝐺(𝑉𝑚 ,𝐶𝑎𝑖 ,𝐶𝑎𝑜) 

𝐺(𝑉𝑚,𝐶𝑎𝑖 ,𝐶𝑎𝑜) = �
𝑧2𝐹2𝑉𝑚
𝑅𝑇

��
𝐶𝑎𝑖 − 𝐶𝑎𝑜𝑒−𝑧𝐹𝑉𝑚 𝑅𝑇⁄

1 − 𝑒−𝑧𝐹𝑉𝑚 𝑅𝑇⁄ � 
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𝑑𝐶𝑎𝑖
𝑑𝑡

= �
0.00024 − 𝐶𝑎𝑖

5
� −

𝐼𝑇𝑘
𝑧𝐹𝑑

 

𝜏𝑚𝑇 = 0.204 + 0.333 �𝑒−((𝑉𝑚+135) 16.7⁄ ) + 𝑒(𝑉𝑚+19.8 18.2⁄ )�⁄  

𝑚𝑇∞ = 1 1 + 𝑒−((𝑉𝑚+60) 6.2⁄ )⁄  

𝑖𝑓 𝑉𝑚 <  −80 𝜏ℎ𝑇 = 0.333𝑒((𝑉𝑚+470) 66.6⁄ ) 

𝑒𝑙𝑠𝑒 𝜏ℎ𝑇 = 9.33 + 0.333𝑒−((𝑉𝑚+25) 10.5⁄ ) 

ℎ𝑇∞ = 1 1 + 𝑒((𝑉𝑚+84) 4⁄ )⁄  

The membrane capacitance C is assumed to be unity, the 
reversal potentials are 𝐸𝑁𝑎 = 45 mV and 𝐸𝐾 = −95 mV and 
the conductances are set to 𝑔𝑁𝑎 = 30, 𝑔𝐾 = 3, 𝑔𝐾𝑠 = 0.7, 
𝑔ℎ = 0.5, 𝑔𝑁𝑎,𝑙𝑒𝑎𝑘 = 0.0207, 𝑔𝐾,𝑙𝑒𝑎𝑘 = 0.05 mS/cm2. For the 
Ca2+ concentration: 𝑘 = 5.1821𝑒−5, [𝐶𝑎]𝑏𝑢𝑓 = 0.00024 mM, 
[𝐶𝑎]𝑜 = 2 mM, 𝜏𝑝𝑢𝑚𝑝 = 5 ms, the maximum T-type Ca2+ 
channel permeability 𝑝𝐶𝑎 = 0.1 cm/s, Z is the charge of a Ca2+

  

 
ion, F is Faraday’s constant in J/(V mol), R is the gas constant 
in J/(K mol) and T=309.15K. 
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Abstract 

In this experimental study, we use an in-vitro rat thalamic 
slice preparation to investigate how low frequency (LF, 2-6 
Hz) and high frequency (HF, 30-130 Hz) sinusoidal current 
injections modulate the membrane dynamics of 
thalamocortical relay (TCR) neurons. We observe that LF 
sinusoidal current injection induces phase related firing. 
Amplitude of the LF input determines phase of TCR spiking. 
Superimposing a HF sinusoidal input, initially delays spiking 
activity phase locked to the LF component. Increasing the 
amplitude of the HF component gives rise to action potential 
generation at sub-harmonics of the LF input and further 
increasing the amplitude of the HF component, completely 
suppresses spiking activity. Application of a pulse-train, phase 
locked to the LF sinusoidal input, modulates the response of 
TCR neurons in a similar fashion. Overall effect of the phase-
locked pulse-train is dependent on at which phase of the LF 
sinusoidal input the pulse train is applied and amplitude of 
the LF input. 
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4.1 Introduction 
Recent experimental and computational studies point out that 
the basal ganglia-thalamocortical loop is a non-linear 
dynamical system both during normal and pathological states 
(Obeso et al. 2000). During Parkinson’s disease (PD), loss of 
dopaminergic neurons in the substantia nigra pars compacta 
(SNc) leads to changes in the firing rate, firing pattern and 
synchrony of Basal Ganglia (BG) neurons (Alexander and 
Crutcher 1990; Alexander et al. 1986; Brown 2003; Delong 
1990; Obeso et al. 2000; Raz et al. 2000). These changes are 
reflected on to the entire basal ganglia-thalamocortical loop 
via the GABAergic projection from the BG output nucleus, 
globus pallidus internum (GPi), to the thalamocortical relay 
(TCR) neurons (Alexander and Crutcher 1990; Alexander et 
al. 1986; Smith et al. 1998). 
Modulation of the TCR neurons by the GABAergic GPi 
projection is proposed to be one of the key factors in 
sustaining synchronous oscillations in the theta (3.5-7 Hz) 
and beta (13-30 Hz) frequency bands during PD in the basal 
ganglia-thalamocortical loop (Rubin and Terman 2004). Deep 
Brain Stimulation (DBS) is an invasive therapy used as a last 
resort in the management of PD. High frequency stimulation 
(HFS) of the subthalamic nucleus (STN) or the GPi results in 
alleviation of PD motor symptoms. Clinically effective 
stimulation frequency exhibits an inverse relationship with 
required intensity for suppression of PD motor symptoms 
(Benabid et al. 1991; Moro et al. 2002). 
The mechanism of action of DBS is still unclear and the fact 
that lesioning the nucleus and stimulating at high frequencies 
produce a comparable clinical outcome has puzzled 
researchers. Early experimental studies showed that 
spontaneous firing in the stimulated nucleus decreases 
drastically during DBS (Benazzouz et al. 2000; Boraud et al. 
1996; Dostrovsky and Lozano 2002). In addition, 
experimental and computational studies demonstrated that 
DBS has an effect on downstream nuclei (Hashimoto et al. 
2003; Holsheimer et al. 2000; McIntyre et al. 2004a; McIntyre 
et al. 2004b). For instance, STN-DBS modulates the firing 
patterns and increases the firing rate of GPi neurons 
(Hashimoto et al. 2003). Despite a somatic block of activity at 
the stimulated nucleus, passing fibers, apparently activated 
by HFS, lead to downstream changes (Holsheimer et al. 2000; 
McIntyre et al. 2004a; McIntyre et al. 2004b).  
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Given their integrative role in the basal ganglia-
thalamocortical loop, TCR neurons have played a central role 
in computational studies looking into mechanisms behind the 
efficacy of DBS (Cagnan et al. 2009; Guo et al. 2008; McIntyre 
et al. 2004a; Rubin and Terman 2004). The TCR neurons 
receive GABAergic inputs from the GPi and glutamatergic 
inputs from the cortex (Smith et al. 1998). They project back 
to the cortex, thus closing the thalamocortical loop (Alexander 
and Crutcher 1990; Delong 1990). Rubin and Terman (2004) 
have shown that STN-DBS restores thalamocortical relay by 
replacing the phasic inhibition applied to the TCR neurons 
during PD with constant inhibition during DBS (Rubin and 
Terman 2004). In another modeling study, Cagnan et al. 
(2009) observed that applying HFS to the STN restores the 
relay capability of the TCR neuron and that the specific 
relation between stimulation frequency and required 
stimulus amplitude followed the experimental curve that was 
determined in patients (Benabid et al. 1991). This 
computational study also suggested that HFS was effective 
when applied at certain periods of the phasic inhibition 
(Cagnan et al. 2009). 
Here we use a rat in-vitro thalamic slice preparation and 
patch-clamp the TCR neuron either in voltage or in current-
clamp to experimentally investigate their response to low 
frequency (LF) and high frequency (HF) phasic inputs. TCR 
neurons can easily be recognized based on their location, 
their specific stellate morphology, by a tendency to burst fire 
under appropriate conditions and by the presence of a Low-
Voltage-Activated (LVA) Ca2+ current (Destexhe et al. 1996; 
Destexhe et al. 1998; Sherman 2001; Soltesz and Crunelli 
1992). To simplify the quantifications, we use direct current 
injection through the pipette instead of synaptic activation, 
which most likely transfers the oscillations under 
physiological conditions. This configuration is not identical to 
synaptically driven activation, but it is experimentally well 
controlled and the current injection mimics the interference 
of HF and LF oscillations. We used a "slow" clamp system to 
guarantee that current-clamp protocols always started from 
the same membrane voltage (-70 mV). Superimposed on this 
level we then could apply one or two sine waves (LF: 2-6 Hz, 
HF: 30-130 Hz) and/or an alpha function. Injecting 
hyperpolarizing LF oscillatory current into the TCR neuron 
around resting membrane potential (-70 mV) resulted in 
phase related firing and/or bursting. Increasing the input 
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amplitude at a fixed frequency, phase advanced the spiking. 
Superimposing an additional HF oscillatory input of sufficient 
amplitude prevented the phase-locked spiking of the TCR 
neuron. The relation between frequency and current 
amplitude required to silence the cell followed the inverse 
relationship that was predicted by Cagnan et al. (2009) and 
experimentally observed by Benabid et al. (1991). 
  



 112 Modulating thalamocortical response 

4.2 Material and Methods 

Slice preparation: Electrophysiological experiments were 
performed using 300 µm thick coronal brain slices from 
wistar rats (Harlan, Zeist, Netherlands; postnatal days 12-16) 
that were killed by decapitation under anesthesia (i.e. 
isoflurane). Slices contained thalamic nuclei at the level of the 
hippocampus. They were cut with a vibroslicer (Leica 
VT1000S) in ice-cold solution containing in mM: NaCl (120), 
KCl (3.5), CaCl2 (0.5), MgSO4 (6), NaH2PO4 (1.25), NaHCO3 
(25), and glucose (25); continuously bubbled with 95% O2-
5% CO2 (pH=7.4). Slices were incubated at 32 °C for 1 hour in 
ACSF containing (in mM): NaCl (120), KCl (3.5), CaCl2 (2.5), 
MgSO4 (1.3), NaH2PO4 (1.25), NaHCO3 (25), and glucose (25); 
continuously bubbled with 95% O2-5% CO2

Cell labeling: During recordings, cells were filled with biocytin 
(4 mg/ml; Sigma) for identification of their morphology. 
Slices were fixed overnight in 0.1 M phosphate-buffered 
saline (PBS, pH=7.4) containing 4% paraformaldehyde. After 
30 min permeabilization in 0.3% Triton X-100-PBS, slices 
were incubated for 60 min in avidin-biotin-peroxidase 
complex (Vectastain ABC Elite kit, Vector Laboratories; 
Burlingame, CA, USA). Biocytin was visualized as a dark 
brown substrate using DAB (3,3’-diaminobenzidine-4 HCl, 
Sigma Chemical Co., St. Louis, MO, USA) reaction (Hancock 
1986). 

 (pH=7.4). 

Recording: Experiments were approved by the animal welfare 
committee of the University of Amsterdam. During recording, 
slices were kept submerged at room temperature (20-22 °C) 
and were continuously superfused with ACSF. Patch pipettes 
were pulled from borosilicate glass and had a resistance of 2-
3 MΩ when filled with solution containing (in mM): K-
gluconate (130), KCl (10), EGTA (5), HEPES (10), Mg-ATP (4), 
Na-GTP (0.4) at pH=7.3. Whole-cell voltage and current-clamp 
recordings were made using an EPC9 patch-clamp amplifier 
controlled by either PULSE software (HEKA Electronic GmbH, 
Germany) or an in-house software package running under 
MATLAB (MathWorks, Cambridge, UK). Signals were filtered 
at 5-10 kHz and sampled at 10-20 kHz. Series resistance 
ranged from 5-10 MΩ, and in voltage-clamp mode, was 
compensated for about 70%. Membrane potentials and 
command potentials were corrected for a 10 mV liquid 
junction potential. In voltage-clamp, classical step protocols 
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were employed. In current-clamp, either step depolarizations 
were used in order to quantify firing properties or signals that 
consisted of LF (2-6 Hz) or summated LF and HF (30-130Hz) 
sine waves were used to provide oscillatory input to the TCR 
cell. A phase locked pulse train (PLPT) consisted of periodic 
alpha functions. Frequency of the PLPT was set equivalent to 
the frequency of the LF sine wave driving the TCR cell (i.e. 2 
Hz). Time constant for each alpha function was set to 20 ms. 
Membrane voltage was then recorded following liquid 
junction potential correction. An automatic drift 
compensation system guaranteed a stable level in between 
protocols. 
Analysis: Currents evoked by step protocols were corrected 
for leak. Voltage dependent activation was determined using 
peak current amplitude. Voltage dependent permeability was 
fitted using a Boltzmann function. Voltage dependent steady-
state inactivation was determined using step protocols from a 
variable level followed by a fixed depolarization; normalized 
current was also fitted with a Boltzmann function. 
In current-clamp the current signal was decomposed into its 
frequency components and a mean value. Phases were 
computed with respect to the LF sine wave. Action potentials 
were detected using a level crossing paradigm. 
Statistical analysis: Data are given as mean ± SEM. When not 
mentioned otherwise comparisons were done by Students t-
test. p < 0.05 was assumed to indicate a significant difference. 
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4.3 Results 

4.3.1 Thalamocortical relay neurons 

 

Figure 1: Morphological and electrophysiological characterization of 
TCR cells. A: TCR cell filled with biocytin. B: whole-cell current-
clamp recordings illustrating the voltage response of a TCR cell to 
depolarizing current injections (B1: 25 pA, B2: 100 pA). Note the 
burst firing mode characteristic of TCR cells. C1: Whole-cell voltage-
clamp recording of Ca2+ currents evoked by step depolarizations 
from a pre-pulse potential of -130 mV to depolarizing potentials 
ranging between -100 and -20 mV. C2: Voltage-dependant activation 
function of the Ca2+ current determined by the protocol of C1. 
Normalized permeability 𝑃/𝑃𝑚𝑎𝑥  given by Goldman-Hodgkin-Katz 
current equation was fitted to a Boltzmann equation (see below). 
C3: Voltage dependant steady state inactivation of Ca2+ current was 
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evaluated using a 200 ms depolarization to -60 mV preceded by a 
500 ms hyperpolarization to levels between -130 to -60 mV. Data 
(n=7) for voltage-dependent activation and inactivation were fitted 
with a Boltzmann equation 𝑃 = 𝑃𝑚𝑎𝑥/(1 + 𝑒𝑥𝑝((𝑉 − 𝑉ℎ)/𝑉𝑐)) where 
𝑉ℎ is the potential of half maximal activation (inactivation) and 𝑉𝑐  is 
a slope factor. results are given as mean ± SEM. Activation: 
𝑉ℎ = −64.2 ± 1.1 mV, 𝑉𝑐 = 1.6 ± 0.3 mV; Inactivation: 𝑉ℎ = −79.7 ±
1.3 mV, 𝑉𝑐 = −6.5 ± 1.2 mV 

In the thalamic slice, TCR neurons can be recognized based on 
their location and their specific stellate morphology (Fig. 1A). 
Most of the neurons that we recorded were filled with 
biocytin so that this specific morphology could afterwards be 
confirmed. Once a putative TCR neuron was patched, current-
clamp recordings demonstrated a tendency to fire bursts 
under the appropriate conditions (Fig. 1B). In voltage-clamp, 
the presence of a Low-Voltage-Activated (LVA) Ca2+

After characterization in voltage-clamp, the recording was 
switched to current-clamp mode for the remaining part of the 
experiment. Stepwise depolarization evoked repetitive firing 
and often induced burst events characteristic for TCR cells 
(Fig. 1 B1 and B2). Under current-clamp, the membrane was 
kept at a mean value of -70 mV with a slow automatic current 
injection to compensate for drift; the control loop was set on 
hold during the time that the stimulation protocols ran. 

 current, 
not blocked by TTX, could be demonstrated using classical 
step protocols (Fig. 1C). Step protocols that depolarize to 
increasing voltage levels from a long hyperpolarizing 
potential at -130 mV reveal the voltage-dependent activation 
function (Fig. 1C2), while step protocols from various 
hyperpolarizing levels to a fixed depolarizing potential of -60 
mV allow to construct the steady-state inactivation of the LVA 
current (Fig. 1C3). The in-situ recording conditions in the 
slice and the dendritic tree compromise a precise and detailed 
analysis of the current kinetics due to space-clamp problems. 

4.3.2 Sinusoidal current input at 2-6 Hz 

Following this elementary characterization, each TCR neuron 
was subjected to hyperpolarizing sinusoidal current injection 
at 2 Hz (Fig. 2A) that lasted for 5 seconds. 
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Figure 2: In response to low amplitude sinusoidal current injection 
(A - grey line), a TCR neuron exhibited sub-threshold oscillations (B 
- grey line) locked to the frequency of the sinusoidal current 
injection (i.e. 2 Hz). Increasing the amplitude of the sinusoidal 
current injection (A - black line) gave rise to spiking at every cycle 
of the sinusoidal input (B - black line). C: Distribution of the TCR 
spike-phase as a function of the amplitude of the sinusoidal current 
injection at 2 Hz. The amplitude of the sinusoidal current injection 
was varied between 60 pA and 120 pA, in steps of 10 pA. As the 
amplitude of the current injection was increased from 60 pA to 120 
pA, spikes locked to the sinusoidal input were phase-advanced. The 
distribution is obtained from 15 TCR neurons and the scale bar 
indicates the total number of spikes observed at a specific phase of 
the sinusoidal current injection due to a specific current injection 
amplitude. D: shows the average spike-phase observed during the 5 
second recording, as a function of the amplitude of the current 
injection, averaged over 15 neurons. The error bars indicate the 
standard error of the mean observed during the 5 second 
recordings (15 neurons). As the amplitude of the current injection 
increases, the variation in the spike-phases observed during the 5 
second recording reduces. 
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Amplitude variation of the sine wave was programmed in 
hyperpolarizing direction assuring that the maximum of the 
injected sine wave was always at 0 pA. The sinusoidal current 
was added to the current necessary to keep the cell at a 
"resting" potential of -70 mV (Fig. 2A, compare grey and black 
lines). Low amplitude current injection resulted in sub-
threshold oscillations phase-locked to the injected sinusoid 
(Fig. 2B, grey line compare with grey line in 2A). As the 
amplitude of the current injection was increased, we 
observed a transition from sub-threshold oscillation to 
spiking again strictly phase-locked to the sine wave and 
capable of following each cycle as soon as the amplitude was 
sufficiently above threshold (see below) (Fig. 2B, black line, to 
be compared with black line input in 2A). Spike-phase, in 
degrees, is calculated using the peak of the first action 
potential and its time difference relative to the phase of the 
injected sine wave (reference taken to be the point at which 
phase of the LF sine wave was zero). Further increasing the 
amplitude of the current injection at a fixed frequency 
gradually advanced the phase at which firing occurred. Figure 
2C gives a population summary of 15 TCR neurons, showing 
the distribution of the spike-phase as a function of the 
injected current amplitude ranging between 60 pA 
(threshold) and 120 pA; absolute spiking density is calculated 
as a function of phase and sine wave amplitude using all 
cycles of all experiments in all neurons. The mean spike-phase 
as a function of the LF sine wave amplitude advances about 
25 degrees from threshold to saturation (15 TCR neurons 
analyzed) (Fig. 2D). As the amplitude of the injected current 
increased, the phase lock of the spiking to the sine wave 
became tighter, as can be concluded from the decrease of 
variance with amplitude as shown in figure 2C. Next, we 
repeated these experiments for frequencies of 4 Hz and 6 Hz 
with essentially the same results. However, when increasing 
the sine wave amplitude above threshold at these frequencies 
we more often observed a sub-harmonic response, where 
spiking did not occur at each cycle of the input (see 
Supplementary Material). 

4.3.3 Superimposing high frequency sinusoidal input 
onto the 2 Hz current injection 

Next we investigated the effect of superimposing a HF (HF: 30 
Hz, variable amplitude) sine wave onto the existing LF 
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current injection (LF: for this experiment fixed at frequency: 2 
Hz, and amplitude: 100 pA). The amplitude of the HF 
component was modulated; as before in such a way that the 
maximum of the combined signal was kept at 0 pA (to be 
added to the value that held the TCR at its desired "resting" 
potential of -70 mV). Amplitude as well as frequency 
dependency of the response to the HF component were 
investigated. 

 
Figure 3: As the amplitude of the HF component was varied from 0 
pA (A) to 20 pA (B), while keeping the frequency fixed at 30 Hz; we 
observed that spiking locked to the LF component was phase 
delayed (B) with respect to spike-phase observed in the absence of 
the HF component (A). When the amplitude of the HF component 
was further increased to 50 pA, spiking did not occur at every cycle 
of the LF component (C). For HF component amplitudes greater 
than or equal to 60 pA, spiking was completely suppressed (D). 

Starting from a condition where the LF current injection 
induced phase-locked spiking at 2 Hz, we observed that 
increasing the amplitude of the HF component delayed firing 
in a gradual and systematic way. The left column of figure 3A 
illustrates the current injection for increasing HF amplitudes, 
the middle column gives the corresponding voltage response 
of the TCR neuron and the right column gives one cycle at an 
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expanded time scale to better appreciate the phase relation. 
Increasing the amplitude of the HF component delayed the 
phase of the spiking activity that was locked to the 2 Hz 
sinusoidal input. Figure 4 gives the population summary of all 
7 TCR cells for all cycles, relating spike density to phase delay 
and HF input amplitude; the figure was constructed in a 
similar fashion to figure 2C. When the amplitude of the HF 
component reached a certain value (Fig. 3C) spiking switched 
to a sub-harmonic regime and above an even higher level (Fig. 
3D) it ceased completely. The same can be concluded from 
figure 4: spike phase delay correlates well with current 
amplitude and the absolute spike density decreases with 
current amplitude and becomes zero above a critical value. 
The last experiment was then repeated with HF input ranging 
in frequency between 30 Hz and 130 Hz (Fig. 4). The behavior 
of spike density as a function of phase-delay and HF input 
amplitude was well comparable to the one described above 
for 30 Hz. After a gradual increase in phase delay, the TCR cell 
always switched to sub-harmonic firing at a critical HF 
amplitude and at a slightly higher amplitude firing ceased 
altogether. The value where firing ceased was called the 
threshold amplitude and it was determined as a function of the 
sinusoid stimulation frequency. To compare individual cells 
with different conductances, frequency dependence was 
normalized over the frequency range from 30 - 130 Hz before 
averaging (Fig. 5). Threshold amplitude is inversely 
proportional to the frequency of the HF component (Fig. 5) 
reaching a minimal value for frequencies higher than 100 Hz. 
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Figure 4: Distribution of the TCR spike-phase delays as a function of 
the HF current injection amplitude: Prior to the transition from 
spiking at 2 Hz to sub-threshold oscillation at 2 Hz, spiking activity 
locked to the 2 Hz sinusoidal input was phase delayed. As the 
amplitude of the HF current injection was varied between 10 pA to 
100 pA (in steps of 10 pA), spike-phase was delayed proportional to 
the amplitude of the HF current injection. Consecutive panels 
indicate the distribution of spike phase delays due to HF current 
injection at frequencies between 30 and 110 Hz in steps of 20 Hz. 
Values are obtained from 7 TCR neurons and the scale bar indicates 
the total number of spikes observed at a specific phase of the LF 
input cycle for a given HF current injection amplitude. 
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Figure 5: Relationship between the normalized threshold amplitude 
(see text) and frequency of the HF component (averaged over 7 
neurons, bar indicates standard error of the mean). The threshold 
amplitude is inversely proportional to the frequency of the HF 
component. 

4.3.4 Superimposing phase locked pulses onto the LF 
sinusoidal current input 

We reasoned that if HF sinusoidal stimulation manipulates 
spike phase delay, it is well possible that rightly timed pulse 
stimulation could do the same. To that end we applied 
periodic alpha pulses (step pulses that decay with a time 
constant of 20 ms) at various phases of the LF input and 
measured the response of the TCR neuron. As the phase of the 
pulse train was varied in steps of 15 degrees starting from 
240 degrees, phase at which spiking occurred was delayed 
within the cycle and application of a PLPT at 330 degrees 
completely suppressed the spiking activity locked to the 2 Hz 
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sinusoidal input (Fig. 6). Phase of the PLPT was defined in 
exactly the same way as we defined spike phase. 

 
Figure 6: Response of a TCR neuron to the application of PLPT: 
Application of a PLPT at 330 degrees of the 2Hz sinusoidal current 
injection lead to suppression of spiking activity locked to the 
sinusoidal input. LF input parameters were kept constant; 
frequency at 2 Hz and amplitude at 50 pA. Pulse amplitude was kept 
at 250 pA and pulse time constant was set at 20 ms. A: Phase of the 
PLPT set at 270 degrees. B: phase at 300 degrees C: phase at 330 
degrees. Left column shows current injection and right column 
indicates voltage response. 

We recorded the TCR membrane potential while the 
amplitude of the LF current injection was varied between 25 
pA to 125 pA and the amplitude of the PLPT was kept 
constant at 250 pA. As the phase of the PLPT was varied from 
240 degrees to 360 degrees, spikes locked to the LF current 
injection were delayed. When the phase of the PLPT was 
greater than 330 degrees, phase of the spiking activity was 
reset. The amount of spike-phase delay and suppression of 
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spiking activity induced by PLPT were dependent on the 
amplitude of the LF current. For 25 pA LF current injection, 
spiking activity was extensively suppressed when the PLPT 
was applied at phases greater than 300 degrees. The spike-
phase delay induced by the PLPT, when the LF current 
injection amplitude was 25 pA, was greater than the delay 
observed with higher LF current injection amplitudes (i.e. 50-
125 pA). For higher amplitude LF current injections, the 
phase delays induced by the PLPTs were more uniform (Fig. 
7). The main difference observed among spike-phase delays 
for different LF current injection amplitudes (e.g. 50-125 pA) 
was the dependency of the spike-phase on the strength of the 
LF current injection amplitude (Fig. 2B and 2C). Using a 
stronger PLPT gives qualitatively similar results (Fig. 8). 

 
Figure 7: As the phase of the PLPT was varied between 240-360 
degrees, spiking activity locked to the 2 Hz LF current injection was 
phase delayed (top panels) and the likelihood that a sinusoidal cycle 
produced a spike was reduced (bottom panels). Amplitude of the LF 
current was varied between 25-125 pA while the amplitude of the 
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PLPT was kept at 250 pA (A-E). Spike-phase distribution and spike 
induction success rate were calculated based on recordings of 5 
seconds (11 neurons analyzed). The dotted lines in the top panels 
indicate the mean spike-phase observed over 11 neurons as a 
function of the pulse phase. The scale bar indicates the total number 
of observed spikes as a function of spike phase and pulse phase. 

 
Figure 8: Amplitude of the LF current injection was kept at 75 pA 
while the amplitude of the PLPT varied between 100-300 pA (A-E). 
As the phase of the PLPT varied between 240-360 degrees, spiking 
activity locked to the LF 2 Hz current was phase delayed (top 
panels) and the spike induction success rate declined (bottom 
panels) (6 neurons analyzed). Other parameters were as indicated 
for figure 7. 
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4.4 Discussion 

Thalamic neurons receive two types of synaptic input; driver 
and modulator (Sherman 2001). GABAergic inputs to 
thalamic neurons are less likely to be drivers since the 
information transfer that can be achieved by the GABAergic 
input is inferior to the information transfer that can be 
achieved by the excitatory inputs (Sherman 2001). On the 
other hand, TCR neurons express T-type Ca+2

Depending on the resting membrane potential, TCR neurons, 
can respond either in tonic firing mode or in burst mode 
(Sherman 2001). TCR neurons respond in the tonic mode 
when T-type Ca

 channels, which 
allows the detection and relay of the GABAergic input over 
certain ranges (Cagnan et al. 2009; Guo et al. 2008; Rubin and 
Terman 2004). Therefore, depending on the dynamic range of 
the TCR neuron (i.e. resting membrane potential and activity 
level) and frequency of the input, the GABAergic input from 
the GPi can act as either a driver or a modulator (Sherman 
2001).  

2+ channels are inactivated and in burst mode 
when the inhibitory input is capable of de-inactivating T-type 
Ca2+

Several computational studies have investigated the BG 
network and its projection onto TCR neurons in the context of 
DBS and PD (Cagnan et al. 2009; Guo et al. 2008; Rubin and 
Terman 2004). Local field potential and micro electrode 

 channels. Depending on the response mode of the TCR 
neurons, encoding of the input pattern differs. For instance 
when the TCR neuron is in the tonic mode and driven by a 
slow sinusoidal input, the spontaneous activity of the neuron 
is high and the mean response is also sinusoidal (Sherman 
2001). On the other, when the neuron is in the bust mode, 
spontaneous activity is low and the neuron only fires at 
specific phases of the sinusoidal input. In this study, response 
of the TCR neuron when driven by the slow oscillatory input 
at 2 Hz matches the previously described response of the TCR 
neurons in burst mode (Sherman 2001; Smith et al. 2000). 
Moreover in agreement with Smith et al. (2000) we observe 
that when the input frequency is high, the TCR neuron does 
not spike at each cycle of the input but rather at sub-
harmonics of the input (see also Supplementary Material). As 
the amplitude of the LF current is increased, the response 
shifts from sub-harmonic encoding of the inhibitory input to 
one-to-one encoding of the input frequency.  
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recordings obtained from different DBS target nuclei (such as 
the STN or the GPi) have shown that during PD, BG nuclei 
exhibit continuous synchronized activity patterns in the beta 
frequency band and these activity patterns are suppressed 
following Levodopa administration or surgical interventions 
(i.e. lesioning or DBS) (Brown 2003; Kuhn et al. 2008; Kuhn et 
al. 2006). Rubin and Terman (2004) have noted that phasic 
inhibition of TCR neurons impairs relay capabilities of these 
neurons. Moreover, they have shown that HF stimulation of 
the STN replaces phasic inhibition of the TCR neurons and 
restores their relay capability. Based on a computational 
model, Cagnan et al. (2009) observed that during PD, TCR 
neurons are predominantly driven by the inhibitory input 
they receive from the BG output nucleus: GPi. Moreover, it 
was shown that there exists an inverse relationship between 
DBS frequency and stimulus intensity; required to restore the 
excitatory input from the cortex as the driver of the 
thalamocortical activity (Cagnan et al. 2009). The inverse 
relationship outlined in Cagnan et al. (2009) is a direct 
consequence of the BG network properties and membrane 
dynamics of the TCR neurons. This relationship is in line with 
experimental studies which have indicated that there exists 
an inverse relationship between DBS frequency and stimulus 
intensity required for suppression of PD motor symptoms 
(Benabid et al. 1991; Moro et al. 2002). 
In-vitro studies exploring effects of DBS on TCR neurons 
made use of extra-cellular stimulation in order to investigate 
mechanisms underlying the efficacy of thalamic DBS 
(Anderson et al. 2006; Anderson et al. 2004; Kiss et al. 2002). 
Main focus of these studies has been identification of different 
pathways which are activated as a result of extra-cellular 
stimulation and whether these pathways have excitatory or 
inhibitory effects on TCR neurons (Anderson et al. 2006; 
Anderson et al. 2004; Kiss et al. 2002). In this study, down-
stream effects of DBS and changes in thalamocortical 
membrane dynamics are investigated using current injection. 
Using current injection as input model enables us to look in 
detail to interactions between different components of an 
input; such as the response of the TCR neuron to an 
oscillatory input with two distinct frequency components.  
Here, we explore the modulatory effect of HF input on a TCR 
neuron around its resting membrane potential. In the absence 
of HF input, the TCR neuron exhibits spiking locked to the LF 
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sinusoidal input, at 2 Hz. Superimposing the HF input on to 
the LF sinusoidal input, first delays the spiking activity of the 
TCR neuron and for higher amplitude HF current injection, 
completely suppresses the spiking activity locked to the LF 
sinusoidal input. There exists an inverse relationship between 
the frequency of the HF component and the threshold 
amplitude marking the transition from spiking activity locked 
to the LF sinusoidal input to sub-threshold oscillation at the 
frequency of the LF sinusoidal input. This result 
experimentally validates that cellular dynamics of the TCR 
neurons contribute to the inverse relationship observed 
previously in Cagnan et al. (2009)  
HF component of the current injection modulates the 
response of the TCR neuron by interfering with the recovery 
from inactivation of the T-type Ca2+ current. As the amplitude 
of the HF current injection is increased, while keeping the 
frequency of the HF current injection constant, T-type Ca2+ 
current recovers more slowly from inactivation, phase 
delaying the spiking. If the amplitude of the HF current is 
increased even further, T-type Ca2+

Soltesz and Crunelli (1992) investigated the role played by 
synaptic inputs in generating thalamocortical oscillations 
together with how frequency and phase of these oscillations 
could be modulated and if a single pulse could reset the 
response of a thalamocortical neuron away from exhibiting 
oscillatory activity patterns. They observed that intracellular 
depolarizing pulses applied at specific phases of the 
pacemaker oscillation gave rise to phase-resetting of spiking 
activity (Soltesz and Crunelli 1992). Moreover, application of 
a single pulse of critical amplitude and duration abolished 
pacemaker oscillations (Soltesz and Crunelli 1992).  

 current does not recover 
completely from inactivation and burst firing is suppressed. 
Frequency of the HF component directly influences the 
membrane potential which in turn is reflected in the 
membrane dynamics of the TCR neuron. For instance 30 Hz 
HF stimulation modulates membrane potential stronger than 
130 Hz. 

In Cagnan et al. (2009) it was observed that suppression of 
the spiking activity driven by the inhibitory input from the 
GPi due to DBS occurred at specific phases of the phasic 
inhibition from the GPi. Building upon this observation, we 
studied the modulatory effect of pulses applied at specific 
phases of the LF sinusoidal input. Such pulses modulate the 
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TCR neuron’s response to LF current injection in the same 
manner as HF current injection. When the PLPT is applied at 
specific phases of the LF current injection spiking locked to 
the slow oscillation are phase delayed. Parameters which 
determine the amount of phase delay are amplitude of the 2 
Hz oscillation and PLPT amplitude. Also PLPT at 2 Hz can 
prevent spiking locked to the slow oscillation when applied at 
the “right time”. As the phase of the PLPT is altered, T-type 
Ca2+ current recovers more slowly from inactivation, giving 
rise to a delay of spiking activity locked to the slow oscillation. 
Prevention of spiking due to application of PLPT is due to the 
fact that the T-type of Ca2+

In summary, we investigated how HF oscillations modulate 
the spiking pattern exhibited by TCR neurons. Based on the 
observation that HF oscillations are effective in modulating 
TCR response at specific phases of the LF phasic input, we 
investigated whether activity patterns of the TCR neuron can 
be modulated using a PLPT. We observed that depending on 
the phase of the pulse train with respect to the LF oscillatory 
input, well timed pulses can mimic the modulatory effect HF 
oscillations have on TCR neurons.  

 current does not completely 
recover from inactivation. These results indicate that, 
response of TCR neurons driven by slow oscillations can be 
modulated by train of pulses and lead to delay and eventually 
prevention of spiking locked to slow oscillations. 
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4.5 Supplementary Materials 

 
Figure SM: LF current injection at A: 4 Hz and at B: 6 Hz gave rise to 
spiking activity at sub-harmonics of the LF input.  

 

  



 130 Modulating thalamocortical response 

References 

Alexander GE, and Crutcher MD. Functional architecture of 
basal ganglia circuits - neural substrates of parallel 
processing. Trends in Neurosciences 13: 266-271, 1990. 
Alexander GE, Delong MR, and Strick PL. Parallel 
organization of functionally segregated circuits linking basal 
ganglia and cortex. Annual Review of Neuroscience 9: 357-381, 
1986. 
Anderson T, Hu B, Iremonger K, and Kiss ZHT. Selective 
Attenuation of Afferent Synaptic Transmission as a 
mechanism of thalamic deep brain stimulation induced 
tremor arrest. Journal of Neuroscience 26: 841-850, 2006. 
Anderson T, Hu B, Pittman Q, and Kiss ZHT. Mechanisms of 
deep brain stimulation: an intracellular study in rat thalamus. 
The Journal of Physiology 559: 301-313, 2004. 
Benabid AL, Pollak P, Gervason C, Hoffmann D, Gao DM, 
Hommel M, Perret JE, and Derougemont J. Long-term 
suppression of tremor by chronic stimulation of the ventral 
intermediate thalamic nucleus. Lancet 337: 403-406, 1991. 
Benazzouz A, Gao DM, Ni ZG, Piallat B, Bouali-Benazzouz 
R, and Benabid AL. Effect of high-frequency stimulation of 
the subthalamic nucleus on the neuronal activities of the 
substantia nigra pars reticulata and ventrolateral nucleus of 
the thalamus in the rat. Neuroscience 99: 289-295, 2000. 
Boraud T, Bezard E, Bioulac B, and Gross C. High frequency 
stimulation of the internal Globus Pallidus (GPi) 
simultaneously improves parkinsonian symptoms and 
reduces the firing frequency of GPi neurons in the MPTP-
treated monkey. Neuroscience Letters 215: 17-20, 1996. 
Brown P. Oscillatory nature of human basal ganglia activity: 
Relationship to the pathophysiology of Parkinson's disease. 
Movement Disorders 18: 357-363, 2003. 
Cagnan H, Meijer HGE, van Gils SA, Krupa M, Heida T, 
Rudolph M, Wadman WJ, and Martens HCF. Frequency-
selectivity of a thalamocortical relay neuron during 
Parkinson's disease and deep brain stimulation: a 
computational study. European Journal of Neuroscience 30: 
1306-1317, 2009. 



 131 Chapter 4 

Delong MR. Primate models of movement-disorders of basal 
ganglia origin. Trends in Neurosciences 13: 281-285, 1990. 
Destexhe A, Contreras D, Steriade M, Sejnowski TJ, and 
Huguenard JR. In vivo, in vitro, and computational analysis of 
dendritic calcium currents in thalamic reticular neurons. 
Journal of Neuroscience 16: 169-185, 1996. 
Destexhe A, Neubig M, Ulrich D, and Huguenard J. 
Dendritic low-threshold calcium currents in thalamic relay 
cells. Journal of Neuroscience 18: 3574-3588, 1998. 
Dostrovsky JO, and Lozano AM. Mechanisms of deep brain 
stimulation. Movement Disorders 17: S63-S68, 2002. 
Guo Y, Rubin JE, McIntyre CC, Vitek JL, and Terman D. 
Thalamocortical relay fidelity varies across subthalamic 
nucleus deep brain stimulation protocols in a data-driven 
computational model. Journal of Neurophysiology 99: 1477-
1492, 2008. 
Hancock MB. Two color immunoperoxidase staining: 
visualization of anatomic relationships between 
immunoreactive neural elements. The American Journal of 
Anatomy 175: 343-352, 1986. 
Hashimoto T, Elder CM, Okun MS, Patrick SK, and Vitek JL. 
Stimulation of the subthalamic nucleus changes the firing 
pattern of pallidal neurons. Journal of Neuroscience 23: 1916-
1923, 2003. 
Holsheimer J, Demeulemeester H, Nuttin B, and de Sutter 
P. Identification of the target neuronal elements in electrical 
deep brain stimulation. European Journal of Neuroscience 12: 
4573-4577, 2000. 
Kiss ZHT, Mooney DM, Renaud L, and Hu B. Neuronal 
response to local electrical stimulation in rat thalamus: 
Physiological implications for mechanisms of deep brain 
stimulation. Neuroscience 113: 137-143, 2002. 
Kuhn AA, Kempf F, Brucke C, Doyle LG, Martinez-Torres I, 
Pogosyan A, Trottenberg T, Kupsch A, Schneider GH, 
Hariz MI, Vandenberghe W, Nuttin B, and Brown P. High-
frequency stimulation of the subthalamic nucleus suppresses 
oscillatory beta activity in patients with Parkinson's disease 
in parallel with improvement in motor performance. Journal 
of Neuroscience 28: 6165-6173, 2008. 



 132 Modulating thalamocortical response 

Kuhn AA, Kupsch A, Schneider GH, and Brown P. Reduction 
in subthalamic 8-35 Hz oscillatory activity correlates with 
clinical improvement in Parkinson's disease. European 
Journal of Neuroscience 23: 1956-1960, 2006. 
McIntyre CC, Grill WM, Sherman DL, and Thakor NV. 
Cellular effects of deep brain stimulation: model-based 
analysis of activation and inhibition. Journal of 
Neurophysiology 91: 1457-1469, 2004a. 
McIntyre CC, Savasta M, Kerkerian-Le Goff L, and Vitek JL. 
Uncovering the mechanism(s) of action of deep brain 
stimulation: activation, inhibition, or both. Clinical 
Neurophysiology 115: 1239-1248, 2004b. 
Moro E, Esselink RJA, Xie J, Hommel M, Benabid AL, and 
Pollak P. The impact on Parkinson's disease of electrical 
parameter settings in STN stimulation. Neurology 59: 706-
713, 2002. 
Obeso JA, Rodriguez-Oroz MC, Rodriguez M, Lanciego JL, 
Artieda J, Gonzalo N, and Olanow CW. Pathophysiology of 
the basal ganglia in Parkinson's disease. Trends in 
Neurosciences 23: S8-S19, 2000. 
Raz A, Vaadia E, and Bergman H. Firing patterns and 
correlations of spontaneous discharge of pallidal neurons in 
the normal and the tremulous 1-methyl-4-phenyl-1,2,3,6-
tetrahydropyridine vervet model of parkinsonism. Journal of 
Neuroscience 20: 8559-8571, 2000. 
Rubin JE, and Terman D. High frequency stimulation of the 
subthalamic nucleus eliminates pathological thalamic 
rhythmicity in a computational model. Journal of 
Computational Neuroscience 16: 211-235, 2004. 
Sherman SM. Tonic and burst firing: dual modes of 
thalamocortical relay. Trends in Neurosciences 24: 122-126, 
2001. 
Smith GD, Cox CL, Sherman SM, and Rinzel J. Fourier 
Analysis of Sinusoidally Driven Thalamocortical Relay 
Neurons and a minimal integrate and fire or burst model. 
Journal of Neurophysiology 83: 588-610, 2000. 
Smith Y, Bevan MD, Shink E, and Bolam JP. Microcircuitry 
of the direct and indirect pathways of the basal ganglia. 
Neuroscience 86: 353-387, 1998. 



 133 Chapter 4 

Soltesz I, and Crunelli V. A role for low-frequency, rhythmic 
synaptic potentials in the synchronization of cat 
thalamocortical cells. The Journal of Physiology 457: 257-276, 
1992. 
 

  



 



 
 
 
 
 
 
 
 
 
 

Chapter 5 

Automatic subthalamic nucleus detection from 
microelectrode recordings based on noise level and 
neuronal activity 

Authors 

Hayriye Cagnan, Kevin Dolan, Xuan He, Maria Fiorella 
Contarino, Richard Schuurman, Pepijn van den 
Munckhof , Wytse J. Wadman, Lo Bour, Hubert C.F. 
Martens 

Under Review 

 



 136 Automatic STN detection 

Abstract 

Micro electrode recording (MER) along surgical trajectories is 
commonly applied for refinement of the target location during 
Deep Brain Stimulation (DBS) surgery. In this study, we utilize 
automatically detected MER features in order to locate the 
subthalamic nucleus (STN) employing an unsupervised 
algorithm. The automated algorithm makes use of 
background noise level, compound firing rate and power 
spectral density along the trajectory and applies a threshold 
based method to detect the dorsal and the ventral borders of 
the STN. Depending on the combination of measures used for 
detection of the borders, the algorithm allocates confidence 
levels for the annotation made (i.e. high, medium and low). 
The algorithm has been applied to 258 trajectories obtained 
from 84 STN DBS implantations. MERs used in this study have 
not been pre-selected or pre-processed and include all the 
viable measurements made. Out of 258 trajectories, 239 
trajectories were annotated by the surgical team as 
containing the STN versus 238 trajectories by the automated 
algorithm. The agreement level between the automatic 
annotations and the surgical annotations is 88%. Taking the 
surgical annotations as the golden standard, across all 
trajectories, the algorithm made true positive annotations in 
231 trajectories, true negative annotations in 12 trajectories, 
false positive annotations in 7 trajectories and false negative 
annotations in 8 trajectories. We conclude that our algorithm 
is accurate and reliable in automatically identifying the STN 
and locating the dorsal and ventral borders of the nucleus; 
and in a near future could be implemented for on-line intra-
operative use. 
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5.1 Introduction 

Deep brain stimulation (DBS) of the subthalamic nucleus 
(STN) is a widely used surgical technique in the management 
of late stage Parkinson’s disease (PD) motor symptoms. 
Amongst others, the efficacy of DBS is dependent on accurate 
localization of the target nucleus (Israel and Burchiel 2004; 
Molinuevo et al. 2003; Priori et al. 2003; Romanelli et al. 
2004). Therefore, during DBS surgery, micro electrode 
recording (MER) of neuronal activity along the surgical 
trajectory is often performed to refine target location 
(Benazzouz et al. 2002; Hamel et al. 2003; Hutchinson et al. 
1998; Israel and Burchiel 2004; Kim et al. 2006; Molinuevo et 
al. 2003; Priori et al. 2003; Temel et al. 2007; Zhuang and Li 
2003). The main aim of MER mapping is accurate delineation 
of the functional boundaries of the STN and its surrounding 
structures (Benazzouz et al. 2002; Israel and Burchiel 2004; 
Kim et al. 2006; Molinuevo et al. 2003; Priori et al. 2003; 
Romanelli et al. 2004; Starr 2002). Typically, audio and visual 
conversions of the MERs are monitored and assessed by 
experts during surgery (Kim et al. 2006). Based on 
characteristic MER patterns, functional targets are identified. 
Dorsal to the STN, the thalamus is passed showing relatively 
slowly firing and bursting activity patterns (Benazzouz et al. 
2002; Falkenberg et al. 2006; Israel and Burchiel 2004; Novak 
et al. 2007; Wong et al. 2009; Zaidel et al. 2009). In PD, hyper-
activity of the STN neurons is reflected as increased 
background noise level, high firing rate, and irregular 
bursting activity patterns (Benazzouz et al. 2002; Falkenberg 
et al. 2006; Hutchinson et al. 1998; Israel and Burchiel 2004; 
Novak et al. 2007; Wong et al. 2009; Zaidel et al. 2009). 
Ventral to the STN, the substantia nigra pars reticulata (SNr) 
may be encountered, which is characterized by more 
regularly firing units (Benazzouz et al. 2002; Israel and 
Burchiel 2004). Correct interpretation of the MERs is 
important for targeting but requires time and expertise and 
can be challenging especially under surgical circumstances. As 
the number of centers performing DBS surgeries continues to 
grow there is a need for a system that can support surgical 
teams in real-time with reliable and objective identification of 
the target nucleus from the MERs. 
Several studies have addressed MER based automatic 
localization and visualization of the STN (Falkenberg et al. 
2006; Moran et al. 2006; Novak et al. 2007; Wong et al. 2009; 
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Zaidel et al. 2009). Commonly utilized signal features are the 
background noise level and spike count (Falkenberg et al. 
2006; Moran et al. 2006; Novak et al. 2007; Wong et al. 2009; 
Zaidel et al. 2009). Since synchronized oscillatory activity 
patterns in the theta and beta frequency bands seem to be 
characteristic in PD patients, power spectral density (PSD) 
based measures also have been used for STN detection 

The main objective of this study is the development and 
validation of an unassisted algorithm that identifies the STN 
and the SNr from surgical MERs. To this end, we firstly assess 
the predictive value of the background noise level, firing rate 
and PSD for delineation of the STN borders. We then 
construct an algorithm to automatically identify the STN and 
the SNr using these measures. The algorithm detects the 
dorsal and ventral borders of the STN using different 
combinations of the measures and allocates qualitative 
confidence levels (i.e. high, medium, low) based on 
combinations of measures used. To test the algorithm and 
assess its reliability, we have applied it to a large number of 
consecutive recordings without any pre-selection of the data 
and compared its results to the surgical annotations and to 
independently made offline annotations by two MER experts. 

and 
even for discrimination of the sub-territories of the STN 
(Brown and Williams 2005; Chen et al. 2007; Chen et al. 2006; 
Falkenberg et al. 2006; Moran et al. 2008; Pesenti et al. 2003; 
Priori et al. 2003; Trottenberg et al. 2006; Zaidel et al. 2009). 
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5.2 Patients and Methods 

5.2.1 MERs, surgical and expert annotations 

Over a period of four years, 48 PD patients received DBS in 
the STN (84 electrode implantations) at the Academic Medical 
Center of Amsterdam. For each hemisphere, one to five MER 
trajectories were performed. MERs were collected by the 
Department of Neurology/Clinical Neurophysiology of the 
Academic Medical Center of Amsterdam and were acquired 
using the LeadpointTM

For the 84 STN implantations, annotations made during the 
DBS surgery were retrieved. These surgical annotations 
indicated dorsal and ventral boundaries of the STN as well as 
the entry to the SNr. In addition, for a set of 42 randomly 
chosen trajectories expert annotations were independently 
created off-line by two MER experts (LB and MFC), blinded to 
the surgical annotations. These 42 trajectories have been 
used as training data sets to optimize the algorithm. 

 system (Medtronic Inc.) (Kim et al. 
2006). Details about the surgical procedure and MER 
acquisition are provided as supplementary material (SM1). 
Anonymized MERs (258 MER trajectories, 6064 recording 
sites) were retrospectively analyzed for this study.  

5.2.2 Automatic STN Detection Algorithm 

a) Signal Processing 

Prior to automatic localization of the STN and the SNr, signal 
processing is used for delineation of noise, artifacts and 
spikes in the MER. First, the noise-level is estimated using the 
envelope of the MER (Figs. 1A and 1B) (Dolan et al. 2009).  
The estimated noise-level is used to detect high amplitude 
artifacts and frequency spectrum of the MER is used to detect 
low amplitude artifacts (Fig. 1A). Automatically detected 
artifacts are removed from the MER and excluded from 
further analysis. Sections of the MER exceeding an amplitude 
threshold, which is based on the estimated noise-level, are 
compared to a spike template and are marked either as spikes 
or as low amplitude artifacts (Fig. 1B). Sections of the MER, 
not meeting the spike criteria and subsequently marked as 
low amplitude artifacts are also excluded from further 
analysis. More details on noise-level estimation, artifact 



 140 Automatic STN detection 

removal and spike detection can be found in supplementary 
materials (SM2).    

 
Figure 1: A: Example of 5 second MER epoch containing mechanical 
artifacts automatically detected by the software (in grey). 
Background signal noise is given in black. B: Example of 25 ms MER 
epoch containing automatically detected spiking activity 
(highlighted by grey boxes).  

b) Feature Set 

For reliable STN detection, robust and distinctive MER 
features need to be extracted. We computed noise level, 
compound firing rate and measures based on PSD, low band 
index (3-12 Hz), beta band index (13-30 Hz) and gamma band 
index (31-100 Hz) (supplementary material, SM3), and 
determined which features showed the strongest correlation 
with the surgical annotations. In agreement with previous 
work, we found that (ordered with decreasing selectivity) 
noise level, compound firing rate, gamma and beta power 
were good indicators for the presence of the STN (Falkenberg 
et al. 2006; Trottenberg et al. 2006; Wong et al. 2009; Zaidel 
et al. 2009). Changes in power in the 3-12 Hz range were not 
specific to the STN. Therefore the low band index has not 
been included in the feature set used in automatic localization 
of the STN.  The methods used for calculating noise-level, 
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compound firing rate and PSD are described in the 
supplementary material (SM3). 

c) STN and SNr detection 

A threshold based algorithm is constructed for detection of 
the STN and the SNr. The algorithm uses as inputs the 
estimated noise level, the compound firing rate, and beta 
band and gamma band indices, observed at each site along a 
trajectory. Details on noise level, firing rate, beta and gamma 
band thresholds can be found in the supplementary materials 
(SM4). 
Depending on combinations of measures used in delineation 
of the STN borders, the algorithm allocates different 
qualitative confidence levels: high, medium or low (Figs. 2 
and 3). 

i. Annotations with High Confidence 

High confidence STN detection is achieved when both 
increased noise level and increased neuronal unit activity 
(high firing rate and raised beta or gamma PSD) in a 
particular MER is detected. From dorsal to ventral, the first 
site along the trajectory exceeding the noise level threshold, 
the firing rate threshold and either the beta band threshold or 
the gamma band threshold is marked as being within the 
target structure (site x) and the corresponding trajectory is 
flagged as containing STN. From site x the algorithm searches 
the dorsal and ventral boundaries by marking the sites (y and 
yy respectively) where MER noise level drops and stays below 
the noise level threshold. The dorsal boundary is further 
refined by incrementally shifting the boundary in the dorsal 
direction (site w) to include consecutive sites exceeding the 
firing rate threshold and either the beta band threshold or the 
gamma band threshold. 

ii.  Annotations with Medium Confidence 

In case the firing rate threshold is not exceeded within the 
region which has exceeded the noise level threshold, the 
algorithm searches for consecutive sites of MERs exceeding 
the noise level threshold which are subsequently marked as 
STN.  
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Figure 2: Schematic representation of the automatic STN detection 
algorithm: At each recording site, first, noise level is estimated, 
artifacts are automatically removed and spikes are detected. PSD is 
computed, after artifacts have been removed. Then, noise level, 
firing rate, beta (13-30 Hz) and gamma (31-100 Hz) band indices 
are computed at each recording site of a trajectory. Per trajectory, 
noise level, firing rate, beta and gamma band thresholds are 
calculated. Depending on the combination of features which exceed 
the threshold, annotations are made per trajectory using three 
different confidence levels: high, medium and low. 

If the sites exceeding the firing rate threshold also exceed 
either the beta band threshold or the gamma band threshold, 
precede and are adjacent to the consecutive sites exceeding 
the noise level threshold, the dorsal border of the STN is 
shifted to include the sites exceeding the firing rate threshold. 
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processing

Noise-level estimation.
Artifact removal.
Spike detection. 
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Figure 3: A: annotation made based on noise level, firing rate and 
PSD changes. Site x is at –2.5 mm; where all measures exceed their 
respective thresholds. Dorsal border is at –2.5 mm (site y) and 
ventral border is at 2 mm (site yy). For this trajectory, the automatic 
annotation is in full agreement with the surgical annotations. B: 
Region which exceeds noise level threshold (at -1.5 to -1 mm) does 
not coincide with the region which exceeds firing rate threshold (-2 
mm). The algorithm has indicated that STN spans from -2 mm to -1 
mm. The surgical team has annotated the region from –3 mm to -0.5 
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mm as STN. C: Annotation has been made based on firing rate and 
PSD. The algorithm has annotated the region from 1 mm to 2.5 mm 
as STN. In this example, the automated annotation fully agrees with 
the surgical annotation. Beta band (13-30 Hz) and gamma band (31-
100 Hz) indices are equivalent to 10 log (average power in 13-30 Hz 
/ average power) and 10 log (average power in 31-100 Hz / average 
power), respectively. 

iii. Annotations with Low Confidence 

In case the noise level threshold is not exceeded in a given 
trajectory, the algorithm searches for consecutive clusters of 
MERs exceeding the firing rate threshold and either the beta 
band threshold or the gamma band threshold. These sites are 
subsequently marked as STN. 
From the ventral border of the STN (site yy), the algorithm 
searches for a supra-threshold increase in the noise level and 
the firing rate, and annotates these sites as SNr. The algorithm 
requires a gap of one site recording between STN and SNr for 
annotation. For the cases that in the trajectory, there is no gap 
between STN and SNr, the algorithm is not able to annotate 
SNr. 

5.2.3 Statistical analyses used to determine the feature 
set 

Correlation of features (i.e. noise-level, compound firing rate 
and low band, beta band and gamma band indices) with STN 
anatomy was determined by comparing feature values inside 
the surgically annotated STN with the ones outside the STN. 
Only trajectories containing surgically annotated STNs of 
length greater than 2 depths have been included in the 
analysis. We applied a paired t-test to detect changes in noise 
level, compound firing rate and low band, beta band and 
gamma band indices observed on average inside the first half 
and the second half of surgically annotated STN to average 
values outside the STN (p=0.01 indicated statistical 
significance).  
Using surgical annotations to define dorsal and ventral 
borders of the STN, we computed if a measure was 
significantly higher (p=0.05) at the dorsal border of the STN 
than the average value of a measure observed at the 
preceding sites and if measures observed at the site following 
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the ventral border of the STN were significantly less (p=0.05) 
than the average value of the measure observed inside the 
STN. 

5.2.4 Validation of the algorithm 

Validation is performed by applying the automatic algorithm 
to the MERs and comparing its output to the surgical (258 
trajectories, 6064 sites) or expert annotations (42 
trajectories, 1011 sites). The agreement percentage between 
different annotation sets is computed by calculating the ratio 
between the number of sites that the two annotations agree 
on and the total number of sites. Inter-rater reliability is 
calculated based on Cohen’s Kappa statistic (Cohen 1960). 
Taking surgical annotations as the golden standard, false 
negatives were defined as the number of trajectories 
annotated by the surgical team and not by the algorithm. 
False positives were defined as the number of trajectories 
annotated by the algorithm and not by the surgical team. 
Moreover we tested the accuracy of the algorithm in detecting 
the dorsal and ventral border of the STN, by calculating the 
difference between the surgically annotated ventral and 
dorsal STN borders and the automatically detected borders. 
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5.3 Results 

5.3.1  Predictive value of Noise Level, Firing Rate and 
Power Spectral Density 

Based on 239 out of 258 trajectories, where surgical 
annotations indicated the presence of the STN, we assessed 1) 
if measures such as noise level, firing rate and PSD are 
significantly different inside the STN from the values 
observed outside the STN, and 2) in what percentage of the 
trajectories these measures were significantly different from 
the values preceding the surgically annotated dorsal 
boundary and ventral boundary of the STN.   
Noise level, compound firing rate and beta band and gamma 
band indices all showed higher values throughout the STN 
(p=0.01). The low band index showed no differentiation 
between outside and inside the STN (p=0.01). 

 Noise Level Firing Rate Beta Band Gamma Band 

Dorsal 70 % 47 % 18 % 17 % 

Ventral 36 % 26 % 19 % 28 % 

Table 1: Percentage of trajectories (n = 239) where a measure was 
significantly higher (p = 0.05) at the dorsal border of the STN than 
the average value of a measure observed at the preceding sites and 
where a measure observed at the site following the ventral border 
of the STN was significantly less (p = 0.05) than the average value of 
the measure observed inside the STN.  

Additionally, using surgical annotations as indicators for the 
dorsal and the ventral borders of the STN, we computed if a 
measure was significantly higher (p=0.05) at the dorsal 
border of the STN than the average value of the measure 
observed at the preceding sites and if measures observed at 
the site following the ventral border of the STN were 
significantly less (p=0.05) than the average value of the 
measure observed inside the STN (Table 1).  Results indicate 
that noise level and firing rate increase are good indicators 
for the dorsal border of the STN. Moreover, decrease in noise 
level and firing rate between inside the STN and the site 
following the ventral border (exiting the STN) are not as 
pronounced as the increase in noise level and firing rate 
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between outside the STN and the site marking the dorsal 
border (entering the STN). 

5.3.2 Comparison to Expert Annotations 

 Automatic 
algorithm 

Surgical 
annotation 
(AAP-IRR) 

Expert 1 
 

(AAP-IRR) 

Expert 2 
 

(AAP-IRR) 
Automatic 
algorithm  89% - 0.75 88% - 0.73 87% - 0.71 

Surgical 
annotation   90% - 0.77 90% - 0.78 

Expert 1    93% - 0.85 

Expert 2     

Table 2: Average agreement percentages (AAP) and inter-rater 
reliability (IRR) calculated over 42 randomly chosen trajectories 
(n=1011): Agreement percentage is the ratio between the total 
number of sites that the two sets of annotations agree on and the 
total number of sites recorded. Inter-rater reliability is based on 
Cohen’s kappa statistic. 

The automated algorithm had 88% agreement with surgical 
annotations made on 84 patient data sets (258 trajectories, 
6064 sites) and 87- 88% agreement with the two experts’ 
independent annotations made on 42 randomly chosen 
trajectories (1011 sites). Additionally, we have compared the 
agreement level between the clinical experts and each expert 
with the surgical annotations made on the 42 trajectories in 
order to establish the inter-rater reliability (Table 2). 
Out of 258 trajectories, the surgical team has indicated the 
presence of the STN in 239 trajectories and the absence of the 
STN in 19 trajectories. Taking surgical annotations made on 
258 trajectories as the golden standard, our automatic 
algorithm has made true positive annotations in 231 
trajectories and true negative annotations in 12 trajectories. 
The algorithm has performed false positive annotation of the 
STN in 7 trajectories and false negative annotation in 8 
trajectories (Table 3). From any given data set, STN 
annotations have been made on one or more trajectories and 
false negatives do not occur at any of the channels which have 
been later on chosen as the final electrode position by the 
surgical team. 



 148 Automatic STN detection 

Trajectory 
annotation 

Agreement 
with 

surgical 
annotations 

TP FP TN FN 

High 88%(n=5192) 216 4   
Medium 82%(n=141) 6 0   

Low 84%(n=262) 9 3   
No STN 

annotated 92%(n=469)   12 8 

Overall 88%(n=6064) 231 7 12 8 

Table 3: Average percentages of agreement with the surgical 
annotations indicate that annotations made with high confidence 
have the highest agreement with the surgical annotations. Value of 
true positive (TP) annotations indicates the total number of 
trajectories containing STN according to both the surgical team and 
the automated algorithm. Value of false positive (FP) annotations 
indicates the total number of trajectories containing STN according 
to the automated algorithm but not the surgical team. Value of true 
negative (TN) annotations indicates the total number of trajectories 
not containing STN according to both the surgical team and the 
automated algorithm. Value of false negative (FN) annotations 
indicates the total number of trajectories not containing STN 
according to the automated algorithm but not the surgical team. 

 

Algorithm 
Confidence 

Detection of the 
dorsal border 
(mean ± SD) 

Detection of the 
ventral border 

(mean ± SD) 
High (5107 sites) 0 ± 2 depths 0 ± 2 depths 

Medium (141 sites) -1 ± 2 depths 2 ± 3 depths 
Low (193 sites) -2 ± 2 depths 0 ± 2 depths 

Overall (5441 sites) 0 ± 2 depths 0 ± 2 depths 

Table 4: Algorithm’s accuracy in detecting the dorsal and the ventral 
borders of the STN are computed by taking the average difference 
and the standard deviation of the difference between the 
annotations made by the surgical team and the automatic algorithm 
(231 trajectories). Negative values indicate that on average 
annotations made by the algorithm are more dorsal than the 
surgical annotations. Positive values indicate that on average 
annotations made by the algorithm are more ventral than the 
surgical annotations. 
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Over 231 trajectories identified to contain the STN both by 
the surgical team and the automatic algorithm, the accuracy 
in detecting the dorsal and ventral border is 0 ± 2 sites (MER 
recordings made at 0.5mm intervals) (Table 4). 
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5.4 Discussion 

In this chapter, we have developed and validated an algorithm 
for automated detection of the STN from MERs. We tested our 
method by comparing it to surgical annotations and found a 
high agreement level (88%) and good inter-rater reliability 
(0.71-0.73), comparable to the inter-rater reliability between 
different experienced raters. 
Our novel automated algorithm outlined in this study can be 
implemented to run in real-time to assist clinicians in STN 
localization during DBS surgery. This would increase the 
reliability of MER interpretation and reduce surgical time. To 
test the algorithm’s robustness as needed for intra-operative 
usage, all levels of MER processing have been applied to a 
large number of consecutive trajectories without data pre-
selection, (manual) data pre-processing or data cleaning.  We 
thus aimed to avoid any bias toward clean “easier-to-
interpret” recordings and to give an estimate of the reliability 
of our algorithm in “real life” situations. Statistical analyses 
demonstrated significant changes in noise-level, firing rate 
and PSD based measures inside the STN. However, 
individually, these measures are sub-optimal indicators of the 
STN boundaries (Table 3). Therefore our automatic algorithm 
makes use of combinations of features to detect the STN. The 
algorithm assigns a qualitative confidence level (high, 
medium, low) based on the combination of features used in 
detection of the STN (Figs. 2 and 3).  
In 92% of the cases (220 out of 238 automatic annotations) 
the algorithm detected the STN based on typical STN hall-
mark MER features: increased background noise, increased 
firing rate, and oscillatory activity; and automatic annotations 
have been made with high confidence level (Falkenberg et al. 
2006; Hutchinson et al. 1998; Israel and Burchiel 2004; Novak 
et al. 2007; Wong et al. 2009; Zaidel et al. 2009). In these 
cases, the agreement with surgical annotations (88%) is 
excellent and comparable to agreement between surgical 
annotations and off-line expert annotations. In the remaining 
cases, the three MER measures were not detected to be 
simultaneously increased in any individual recording and 
hence STN detection was performed with lower level of 
confidence (medium in 6/238 and low in 12/238). Combining 
measures for STN detection increases the accuracy of the 
algorithm and makes it more robust. Substantial changes in 
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the thresholds used in the algorithm have limited effect on the 
accuracy of the algorithm (Supplementary materials). 
The algorithm has detected the STN in 7 trajectories which 
have not been annotated by the surgical team (i.e. false 
positives). Three of these annotations were made with low 
confidence. Visual inspection of the remaining four cases, 
where STN has been detected erroneously, revealed that the 
noise level estimate has been corrupted by low amplitude 
artifacts embedded in the noise, giving rise to artificially 
elevated noise-levels. Moreover, 8 trajectories which have 
been annotated by the surgical team have been missed by the 
algorithm (i.e. false negatives). This is due to noise level 
changes remaining sub-threshold and not having consecutive 
sites exhibiting high firing rate. Decreasing the noise-level 
threshold to reduce the number of false negatives would 
hamper the accuracy of dorsal and ventral border detection 
more than increasing the accuracy of detection.   
In the present algorithm, noise level detection is important 
both for STN boundary detection and for spike-detection and 
artifact rejection. Hence an accurate and reliable estimate of 
the noise level is required. Several methods have been 
proposed for noise level estimation either using the root 
mean square (RMS) of the signal, the median of the 
distribution of the absolute value of the signal, or the 
envelope of the signal (Dolan et al. 2009; Pancrazio et al. 
2003; Quiroga et al. 2004; Watkins et al. 2004). Previously, it 
has been demonstrated that presence of high frequency firing 
and signal artifacts could result in over estimation of the 
noise level for the RMS and median based methods, markedly 
leading to sub-optimal spike detection (Dolan et al. 2009; 
Quiroga et al. 2004). Noise level estimation based on the 
envelope of the signal is used in this study since it is more 
robust in the presence of high-frequency firing and artifacts 
(Dolan et al. 2009). Moreover, the envelope of the signal also 
can be used to determine which segments of the recording are 
artifacts since in this case the presence of high-amplitude 
artifacts hardly influences estimation of the noise level. The 
use of the envelope of the signal removes an important 
previous constraint in automatic MER signal processing 
which is that an artifact cannot be reliably detected without 
first estimating the noise level and that the noise level cannot 
be estimated accurately in the presence of artifacts when 
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methods based on the standard deviation or the median of the 
signal are being used. 
Previous studies have outlined methods for automatic 
detection and visualization of the STN based on objective and 
quantitative MER features (Falkenberg et al. 2006; Moran et 
al. 2006; Novak et al. 2007; Wong et al. 2009; Zaidel et al. 
2009). In agreement with Wong et al. (2009), who described a 
STN visualization algorithm, we have observed that 
background noise and firing rate most consistently 
differentiated the STN from its surroundings. Falkenberg et al. 
(2006) demonstrated that appropriate visualization of power 
spectrum based measures overlapped well with surgical 
annotations. Zaidel et al. (2009) combined PSD and noise 
level to locate the STN and its sub-territories. Sub-territories 
were determined based on changes in the 13-30 Hz frequency 
band and these changes indicated oscillatory segments of the 
STN (Zaidel et al. 2009). In this study, we have investigated 
changes in the 3-12 Hz (i.e. low band index), 13-30 Hz (i.e. 
beta band index) and 31-100 Hz (i.e. gamma band index) 
frequency bands. We have observed that units inside the STN 
show significantly higher activities in the beta and gamma 
bands than the units outside of the STN (p=0.01). In 
agreement with Zaidel et al. (2009) we observed that these 
parameters per trajectory are valuable for localizing 
oscillatory regions within the STN. On the other hand, 
compared to noise level and compound firing rate, these 
parameters are less reliable for delineating dorsal and ventral 
borders of the STN (Table 1). Measures based on PSD, though, 
can be used for STN localization, provided they are combined 
with other measures such as noise level and firing rate.       
In summary, the algorithm presented in this study reliably 
detects trajectories containing the STN and identifies the 
dorsal and the ventral borders of the STN with good accuracy. 
The automatic results show good consistency with the ratings 
made by experienced raters. The use of a simple threshold 
based method opens the door for this method to be 
implemented real-time during surgery leading to an on-line, 
easy and objective tool to support STN localization during 
DBS surgery.  
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5.5 Supplementary Materials 

SM1 Patients, surgical procedure and MERs 

The procedure for DBS was a one stage bilateral stereotactic 
approach, using frame-based 3D T1 and T2 weighted MRI 
reconstructions for target localization and path-planning, in 
conjunction with MER and macro test stimulation. The 
standard STN coordinates used were 12 mm lateral, 2 mm 
posterior and 4 mm below the mid-commissural point. When 
necessary, adjustments were made based on MRI anatomy. 
Surgical paths for the central channel was defined using the 
following criteria: anterior angulation to the inter-
commissural line of 15-20°, lateral angulation from midline 
20-30°, entry on top of a gyrus, and avoiding sulci, cortical 
surface veins, and the lateral ventricles. The implanted leads 
were model 3389 (Medtronic, Minneapolis, MN, USA).  
All patients were awake during the surgical procedure and 
none of the patients were under sedatives. Surgery and MER 
were performed following overnight withdrawal of anti-
parkinsonian medication. Extra-cellular single/multi-unit 
MER were performed using polyamide-coated tungsten 
microelectrodes (Medtronic microelectrode 291; impedance 
~1.1MΩ measured at 220Hz, before starting recordings) with 
10 µm exposure, mounted on a sliding cannula. The 
electrodes were placed in an array with central, lateral, 
medial, anterior and posterior positions placed 2 mm apart 
(i.e. Ben’s gun). Depending on the pre-operative MRI and 
clinical conditions of the patient, it was decided in some cases 
to record with less than five needles. Signals were recorded 
using amplifiers (10,000 times amplification) of the Leadpoint 
system (Medtronic), via a bootstrapping principle and were 
analog band-pass filtered between 500 and 5000 Hz (12 dB / 
oct). Signals were sampled at 12 kHz, using a 16-bit A/D 
converter and afterwards up-sampled to 24 kHz off-line. 
Starting from a remote position (i.e. approximately 6 mm to 8 
mm dorsal to the MRI-based target (0 mm)), needles were 
advanced in steps of 0.5 mm towards the target, using a 
manual micro-drive. Recordings were stopped when electrical 
activity typical of substantia nigra cells was recognizable in at 
least one of the electrodes or when a significant decrease of 
electrical activity was present in all the recordings. 
Subsequently, intra-operative clinical testing was performed 
along selected trajectories at several sites. The definitive 
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electrode for chronic stimulation was implanted at the site 
with the best therapeutic window, i.e. best benefit on motor 
symptoms and highest threshold for side-effects. 
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SM2 Automatic MER Signal Processing 

a) Noise level estimation  

Noise level is estimated using the envelope of the MER signal 
(Dolan et al. 2009). The envelope of the signal is estimated as 
follows. First, the Hilbert Transform is taken of the original 
signal x(t). 

( )( ( )) x tH x t dτ τ
πτ

∞

−∞

−
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Then, an analytical signal is constructed whose real part is 
x(t) and imaginary part is H(x(t)). The instantaneous 
amplitude of this analytical signal is an estimate of the signal 
envelope (Dolan et al. 2009). For Gaussian distributed noise, 
the distribution of the instantaneous amplitudes of the signal 
is equivalent to the Rayleigh distribution, where the 
distribution’s mode corresponds to the standard deviation of 
the background noise. For realistic signals encountered 
during DBS surgery (i.e. containing high frequency firing and 
artifacts) the mode proves a robust statistic and is used as our 
noise level estimate (Dolan et al. 2009). 

b) Artifact detection  

Mechanical artifacts are common in MER and may lead to 
misinterpretation of the data. Therefore, prior to spike 
detection, artifacts are removed automatically from the signal 
in order to prevent spike dependent statistics (i.e. compound 
firing rate) and spectral measures from being biased. High 
amplitude artifacts are detected automatically by using a 
combined amplitude and frequency criterion relative to the 
estimated noise level; any artifact contaminated data segment 
is suppressed from further analysis (Fig. 1A). Amplitude 
criteria (i.e. 7 times the estimated noise level) and frequency 
criteria were determined empirically by comparing the 
automatic artifact rejection outcome to expert assessment of 
the same data (data assessment performed by HC, KD and 
LB). For the frequency analysis, the MER is divided into 50 ms 
windows and Fourier analysis is applied to each window. If 
the maximum frequency component of the 50 ms window is 
2.5 times higher than the median maximum frequency 
component, then the window is marked as containing 



 156 Automatic STN detection 

artifacts. Smaller amplitude artifacts that may remain in the 
data are subsequently rejected during spike detection. 

c) Spike detection  

All signal segments exceeding 4 times the estimated noise 
level are flagged as events. Consecutive events are combined 
into biphasic spike candidates. By comparing spike 
candidates to a spike template, a spike candidate is either 
accepted as a spike or is flagged as false positive (Fig. 1B). Our 
spike template imposes a peak to peak spike width < 1 ms and 
total spike duration < 3 ms. No further spike sorting is 
performed for the present work. 
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SM3 Extracted MER features 

a) Noise Level 

Noise level is determined by re-applying the envelope based 
method to the MER data after initial automatic artifact 
removal (Dolan et al. 2009). 

b) Compound Firing Rate 

Compound firing rate at a specific site is the ratio between the 
total number of detected spikes and the total recording period 
in seconds. 

c) Power Spectral Density 

Power spectral density (PSD) of the MER is obtained by 
computing the power spectrum of the rectified MER after the 
artifacts have been automatically removed and the mean is 
subtracted (Zaidel et al. 2009). The power spectrum of the 
rectified signal is estimated by using the Welch’s method with 
a window length of 1 second and 50% overlapping windows. 
In order to quantify the oscillatory patterns, we defined the 
low band index (3-12 Hz), beta band index (13-30 Hz) and 
gamma band index (31-100 Hz). All indices are computed by 
taking the ratio between the average power in the pre-defined 
frequency band and the average power in the spectrum.   
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SM4 Threshold Calculation 

Threshold levels along each trajectory are made dependent 
on the MERs as follows. Noise level threshold is set to a 
multiple of the noise level observed from the first site of the 
trajectory up to 3 mm above the estimated target location 
(site 0 mm) (Noise level threshold = φ × median [noise level 

 

up to -3mm]). Firing rate threshold is set to a multiple of the 
standard deviation of the firing rate with respect to the mean 
firing rate observed along the trajectory (Firing rate 
threshold = mean [firing rate] + χ × standard deviation [firing 
rate]). Beta band threshold is equivalent to the average beta 
power observed along the trajectory and gamma band 
threshold is set to the average gamma power observed along 
the trajectory. 

Figure SM4: Relationship between noise level threshold, firing rate 
threshold, and agreement percentage with two expert annotations 
in the training set. A: The highest agreement percentage with the 
expert annotations is achieved when the noise level threshold is set 
at 1.3 times the median of the estimated baseline noise level (i.e. φ = 
1.3). Noise level estimation relies on the envelope of the signal. B: 
Agreement percentage with expert annotations is less sensitive to 
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changes in the firing rate threshold, since annotations 
predominantly depend on changes in the noise level. Therefore, the 
firing rate threshold is set at the mean firing rate observed along the 
trajectory (i.e. χ = 0). 

The parameters (φ and χ) determining the noise level and 
firing rate threshold levels were tuned by optimizing the 
agreement percentage between the automated annotation 
and the two expert annotations provided for the 42 
trajectories (Fig. SM4). 
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6.1 Introduction 

The basal ganglia-thalamocortical loop exhibits continuous 
synchronized oscillations in the theta (3.5-7 Hz) and beta (13-
30 Hz) frequency bands during Parkinson’s disease (PD) 
(Boraud et al. 2005; Brown 2003; Brown et al. 2001; Cassidy 
et al. 2002; Chen et al. 2007; Hammond et al. 2007; Kuhn et al. 
2008; Kuhn et al. 2006; Kuhn et al. 2005; Kuhn et al. 2009; 
Kuhn et al. 2004; Trottenberg et al. 2006). Several studies 
used local field potential or single/multi unit micro electrode 
recordings obtained from sub-cortical regions to study 
changes which occur in neuronal activity patterns under 
different experimental conditions, such as during movement 
or following Levodopa administration (i.e. dopamine 
enhancement therapy). Levodopa administration, used in the 
management of PD motor symptoms, suppresses continuous 
synchronized beta band oscillations in the Basal Ganglia 
(Kuhn et al. 2006). Additionally, experimental studies indicate 
that stimulation at frequencies within the beta band 
exacerbates motor impairments in 6-OHDA lesioned rodents 
and in PD patients (Chen et al. 2007; Eusebio et al. 2008; 
Gradinaru et al. 2009). These studies have led to the 
hypothesis that continuous synchronized oscillations in the 
beta band observed in the basal ganglia-thalamocortical loop 
are correlated with PD motor symptoms such as tremor, 
rigidity and bradykinesia (Brown 2003; Brown et al. 2001; 
Kuhn et al. 2006; Kuhn et al. 2009). 
In the classical model of the basal ganglia-thalamocortical 
loop, dopaminergic projections from the substantia nigra pars 
compacta predominantly target the striatal neurons 
(Alexander and Crutcher 1990; Alexander et al. 1986; Delong 
1990). Moreover, in this model, changes in the basal ganglia-
thalamocortical loop, attributed to the loss of dopaminergic 
neurons during PD, are reflected as an imbalance of the 
indirect and direct pathways and hyperactivity of the 
subthalamic nucleus (STN) and the globus pallidus internum 
(GPi) neurons, as a direct consequence of this imbalance 
(Alexander and Crutcher 1990; Alexander et al. 1986; Delong 
1990). Recent experimental evidence on the other hand 
indicates that the substantia nigra pars compacta 
dopaminergic neurons project onto several other nuclei 
within the basal ganglia-thalamocortical loop (Joel and 
Weiner 2000; Smith and Kieval 2000).  
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Eusebio et al. (2009) investigated dopamine-level dependent 
changes that occur in the basal ganglia-thalamocortical 
network activity. It has been hypothesized that the decrease 
observed in dopamine levels during PD facilitates resonance 
in the basal ganglia-thalamocortical loop at frequencies 
around 20 Hz. This hypothesis was tested by applying short 
pulses at the STN at various frequencies (i.e. 5-30 Hz), while 
recording the cortical evoked potentials (cEPs) (Eusebio et al. 
2009). Results indicated that the basal ganglia-
thalamocortical network has a tendency to resonate at around 
20 Hz during PD and dopaminergic treatment alters this 
resonant behavior (Eusebio et al. 2009). 
The modulatory effect of dopaminergic treatment during PD 
on the network dynamics and properties of the basal ganglia-
thalamocortical loop remains unknown. Here, we employ 
dynamic causal modeling (DCM) to study the physiological 
causes underlying the changes observed in the cEPs arising 
from administration of Levodopa (Eusebio et al. 2009). DCM 
has been previously used to study interactions between 
different cortical regions and to infer changes in system 
parameters that occur as a result of different experimental 
paradigms (Garrido et al. 2007; Stephan et al. 2007; Stephan 
et al. 2010). In this chapter, we use DCM to study interactions 
between a cortical region and underlying sub-cortical regions. 
The model describing the connectivity within the basal 
ganglia-thalamocortical loop is based on the well established 
model of Alexander et al. (1986) and DeLong et al. (1990) 
(Alexander and Crutcher 1990; Alexander et al. 1986; Delong 
1990). We use neural mass models to characterize nuclei 
making up the basal ganglia-thalamocortical loop, preserving 
the type of projection neurons and projection types (i.e. 
Glutamatergic, GABAergic) and estimate the parameters that 
determine the underlying neural dynamics using the cEPs and 
the network architecture of the basal ganglia-thalamocortical 
loop. Three variants of the model, which differ with respect to 
connections that are allowed to exhibit off-on dopamine-
specific changes, are compared using Bayesian Model 
Comparison (Garrido et al. 2007; Penny et al. 2004; Stephan 
et al. 2009; Stephan et al. 2010). This comparison was used to 
establish which connectivity changes within the basal ganglia-
thalamocortical loop best explain the differences in the cEPs 
arising from administration of Levodopa. Our focus was on 
models that limit these dopamine-specific changes to 
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connections within the Basal Ganglia, pathways involving the 
cortex or both. 
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6.2 Materials and Methods 

cEPs analyzed in this chapter were obtained from PD patients 
undergoing Deep Brain Stimulation (DBS) surgery, as 
described previously by Eusebio et al. (2009). Sections on 
patients and protocol (6.2.1) and data analysis (6.2.2) are 
abridged accounts of the previously published data 
acquisition and analysis techniques (Eusebio et al. 2009). 

6.2.1  Patients and Protocol 

Implantation of the DBS electrode and acquisition of the data 
took place at two centers; Institute of Neurology in London 
and Timone University Hospital in Marseille. Patients 
participating in this study participated with written informed 
consent and the permission of the Joint Ethics Committee of 
the National Hospital for Neurology and Neurosurgery and 
the Institute of Neurology and the local Ethics Committee 
(CPP Marseille 2). cEPS were elicited with an implanted 
Kinetra pulse generator and a DBS electrode (model 3389: 
Medtronic, Minneapolis, USA). DBS electrodes were implanted 
at least six months prior to acquisition of the EEG recordings. 
Further information regarding the clinical history of the 
patients and the surgical procedure can be found in Eusebio 
et al. (2009).  
Several studies have reported induction of cEPs as a result of 
STN-DBS (Baker et al. 2002; Eusebio et al. 2009; MacKinnon 
et al. 2005). The core mechanism behind generation of cEPs 
has been hypothesized to be orthodromic activation of fibers 
projecting from the Basal Ganglia onto the cortex (Baker et al. 
2002; Eusebio et al. 2009; MacKinnon et al. 2005). In Eusebio 
et al. (2009) cEPs were induced by stimulating the STN using 
the DBS contacts, giving rise to the best clinical outcome to 
ensure activation of the fibers contributing to suppression of 
PD motor symptoms during STN-DBS. The recordings were 
made under two distinct experimental conditions: off-
dopamine (i.e. following withdrawal from Levodopa) and on–
dopamine (i.e. while the patient was on Levodopa). In this 
chapter, we analyze the recordings obtained during 5 Hz 
stimulation of the STN for both off–dopamine and on-
dopamine conditions (Eusebio et al. 2009). Recordings made 
during other stimulation frequencies (i.e. 10-30 Hz) can also 
be used in this analysis. During acquisition of the data, bipolar 
stimulation was used to minimize stimulus artifact. The 
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Kinetra stimulator stimulates the two hemispheres of the 
brain in an alternating fashion therefore, to avoid recording 
the stimulus artifact arising from stimulation of the other 
hemisphere, only one side, which gave rise to the best clinical 
efficacy, was stimulated. Off-dopamine and on-dopamine 
recordings were made from the same hemisphere. During 
data acquisition, the STN was stimulated at 5 Hz and no 
additional high frequency stimulation was applied during the 
protocol. 

6.2.2 Data analysis 

 
Figure 1: Cortical evoked potentials from 9 patients. Black lines 
indicate recordings made following withdrawal from Levodopa (off-
dopamine) and grey lines indicate recordings made while the 
patient was on Levodopa (on-dopamine). 

EEG recordings were obtained while the patients were at rest 
(Eusebio et al. 2009). Scalp EEG recordings at the Institute of 
Neurology in London were obtained using 19 Ag/AgCl 
electrodes and referenced to linked ear electrodes. 
Recordings made at the Timone University Hospital in 
Marseille were obtained using 11 Ag/AgCl electrodes and 
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again referenced to linked ear electrodes. Sampling rate was 
set at 1500 Hz for two recordings (Patients 2 and 3) and at 
2048 Hz for the other seven recordings (Patients 1, 4-9). 
Further particulars regarding the EEG recordings can be 
found in Eusebio et al. (2009). 
EEG recordings were analyzed using Spike®

6.2.3 Dynamic Causal Modeling 

 version 2.06. 
Artifacts observed due to eye movement or scalp muscle 
activation were deleted manually and excluded from further 
analysis. We studied recordings made from EEG channels F3, 
F4, C3, C4, Cz and Fz based on a previous report indicating 
that the amplitudes of the cEPs recorded from these channels 
were significantly higher than those recorded from other 
channels (Eusebio et al. 2009). Monopolar signals were 
generated by taking the difference between each channel and 
the average of all the channels (i.e. common mode 
subtraction). cEPs were obtained by averaging the signals 
around the stimulus artifact and low-pass filtered using a 
fourth order Butterworth filter with cut-off frequency of 100 
Hz. Cut-off frequency of the low-pass filter was chosen well 
above the frequency range of interest. Mean of the filtered 
cEPs were also removed (i.e. mean equal to zero). Per patient, 
the cEP with the highest amplitude was chosen for further 
analysis and modeling (Fig. 1). 

a) The Generative Model 

DCM makes use of a generative model to account for 
biophysical mechanisms underlying various experimental 
conditions (David et al. 2006; Friston et al. 2003; Garrido et al. 
2007; Stephan et al. 2007; Stephan et al. 2010). Three 
different architectures were tested in this study: 1) 
architecture with a single cortical source, 2) a full basal 
ganglia-thalamocortical network model, and 3) a reduced 
basal ganglia-thalamocortical network model. Source activity 
was described via neural mass models (David and Friston 
2003; David et al. 2006; Friston et al. 2003; Garrido et al. 
2007; Marreiros et al.; Stephan et al. 2007). The single cortical 
source was modeled using three interacting sub-populations 
(two excitatory and one inhibitory) (Fig. 2B). In the full 
model, each source was modeled with three interacting sub-
populations, two excitatory and one inhibitory, i.e. a realistic 
representation of a generic local neuronal network 
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architecture (Fig. 2) (Alexander and Crutcher 1990; Delong 
1990). In the reduced model, only the cortex was modeled 
with three interacting sub-populations (i.e. two excitatory and 
one inhibitory), while the STN and thalamus were modeled 
using one excitatory sub-population and the striatum, globus 
pallidus externum (GPe) and GPi were modeled using an 
inhibitory sub-population (Fig. 3A) (Alexander and Crutcher 
1990; Alexander et al. 1986; Delong 1990). The reduced 
model is based on the main projection cell types at each 
source (i.e. Glutamatergic versus GABAergic) (Alexander and 
Crutcher 1990; Alexander et al. 1986; Delong 1990). 

 
Figure 2: A: The full model where each source is described in terms 
of B: three interacting sub-populations, two excitatory and one 
inhibitory. Solid lines indicate inhibitory projections and dashed 
lines indicate excitatory projections (Alexander and Crutcher 1990; 
Alexander et al. 1986; Delong 1990). 

Neural mass models have been used in theoretical studies to 
investigate spontaneous rhythms generated by cortical or 
thalamo-cortical networks (David and Friston 2003; Jansen 
and Rit 1995; Lopes da Silva et al. 1974). Neural mass models 
have also been used to study event related responses of large 
neuronal populations (David et al. 2006; Garrido et al. 2007). 
Most commonly, the neuronal dynamics of each population 
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are described through coupled first order differential 
equations, where changes in the membrane potential are a 
function of excitatory and inhibitory currents and changes in 
the excitatory/inhibitory current are a function of the 
excitatory/inhibitory current and the membrane potential 
(David et al. 2006; Garrido et al. 2007; Stephan et al. 2007). 
The nonlinear nature of neuronal dynamics is captured with a 
sigmoid function that translates changes in membrane 
potential into firing rate, which then form synaptic input to 
other subpopulations (David and Friston 2003; Garrido et al. 
2007; Stephan et al. 2007). Synaptic impulse response 
function translates firing rate into membrane potential 
changes (David and Friston 2003; Garrido et al. 2007; Stephan 
et al. 2007). 

 
Figure 3: A: The reduced model where only the cortex is described 
in terms of B: three interacting sub-populations (i.e. two excitatory 
and one inhibitory). The STN and thalamus are described using one 
excitatory sub-population while the striatum, GPe and GPi are 
described using an inhibitory sub-population. Solid lines indicate 
inhibitory projections and dashed lines indicate excitatory 
projections (Alexander and Crutcher 1990; Alexander et al. 1986; 
Delong 1990). 
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Neural mass models have been used to describe the mean 
response of an interacting population of excitatory and 
inhibitory neurons both in the time domain and the frequency 
domain (i.e. steady state response). Marreiros et al. (2009) 
has described a simplified mean-field model of neuronal 
dynamics by using the Laplacian approximation and 
expressing the neuronal dynamics as a function of the mean 
and the variance of the underlying neuronal states. Neural 
mass models are obtained as a special case of the mean-field 
model, where the variance of the neuronal states is assumed 
to be constant (Marreiros et al. 2009). This is the assumption 
we make here. 
Each sub-population (𝑖) is described through a reduced 
Morris and Lecar model, where membrane dynamics are 
described through the interaction of various ion channels 
lumped into excitatory and inhibitory synaptic conductances 
(Morris and Lecar 1981). Changes in the membrane potential 
(Eq. 1) and excitatory/inhibitory conductance (Eqs. 2 and 3) 
are described using first order differential equations 
(Marreiros et al. 2009; Morris and Lecar 1981). 

𝐶�̇�𝑖 = 𝑔𝐿(𝑉𝐿 − 𝑉𝑖) + 𝑔𝐸𝑖 (𝑉𝐸 − 𝑉𝑖) + 𝑔𝐼𝑖(𝑉𝐼 − 𝑉𝑖) + exp(C) U           (1) 

�̇�𝐸𝑖 = �1 �exp�𝑇�́�� 𝜏𝐸�⁄ ��𝜍𝐸𝑖 − 𝑔𝐸𝑖 � + (exp(𝑋))𝑀            (2) 

�̇�𝐼𝑖 = (1 𝜏𝐼⁄ )�𝜍𝐼𝑖 − 𝑔𝐼𝑖� + (exp(𝑋))𝑀              (3) 

𝜍𝑘𝑖 = � exp (𝐺�́�)𝛾𝑖𝑗𝑘
𝑗

𝑆�𝜇𝑉
𝑗 − 𝑉𝑅 , Σj�

+ � �exp�𝐴𝑖𝑗�́�𝑠+𝐵𝑖𝑗�́�𝑠�� 𝐿𝑘  𝑆(𝜇𝑉𝑠 − 𝑉𝑅 , Σs)
𝑠

 

          (4) 

𝑈 = 32 exp�−𝑡2 (64exp(𝑅))⁄ �                                                                         (5) 

Equations 1-5 describe the dynamics of sub-population 𝑖 of 
source �́� (Marreiros et al. 2009). Equation 1 describes the 
membrane dynamics of sub-population 𝑖 as a function of 
excitatory and inhibitory synaptic conductances and 
exogenous input 𝑈. Exogenous input 𝑈 is used to model 
membrane currents induced by DBS. Equations 2 and 3 
describe changes in the excitatory/inhibitory synaptic 
conductance as a function of the excitatory/inhibitory 
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synaptic conductance and the pre-synaptic membrane 
potential. Equation 4 describes the increase in the 
excitatory/inhibitory synaptic conductance due to the pre-
synaptic membrane potential and equation 5 indicates the 
exogenous input applied at the STN (full and reduced models) 
or at the cortex (cortical model). 
The model for the cEPs (i.e. predictions of experimental data) 
is derived from the average membrane potential of the 
glutamatergic projection cells of the cortex, following a linear 
transformation. The free parameters, which are estimated, 
enter as log-scaling factors in equations 1-5. These control 
excitatory synaptic time constants (𝜏𝐸), excitatory synaptic 
strengths between sub-populations (𝛾32𝐸 , 𝛾23𝐸 , 𝛾13𝐸 ), 
background synaptic activity (𝑀), delays in synaptic 
connections between different sub-populations and sources, 
exogenous input amplitude and dispersion, and excitatory 
and inhibitory synaptic strengths between sources (𝐿𝐸 ,𝐿𝐼). 
Excitatory synaptic time constants (𝜏𝐸) and excitatory 
synaptic strengths between sub-populations (𝛾32𝐸 , 𝛾23𝐸 , 𝛾13𝐸 ) are 
optimized individually per source. Other parameters have the 
same value for all sources. Parameter values scaled by the 
scale-parameters (i.e. prior expectations) are indicated in 
Table 1, and prior densities of the (log) scale-parameters are 
shown in Table 2 (Marreiros et al. 2009). 
We account for two different types of synaptic connections 
(𝑘) between different sub-populations and sources: 
excitatory (𝐸) and inhibitory (𝐼) (Marreiros et al. 2009). 
Delays in synaptic connections between different sub-
populations and sources are set to 2 ms and 16 ms, 
respectively (David and Friston 2003; David et al. 2006; 
Lumer et al. 1997). 𝛾𝑖𝑗𝑘  indicates intrinsic connectivity 
strengths (i.e. between different sub-populations (from sub-
population 𝑗 to sub-population 𝑖) within the same source (�́�)) 
and 𝐴𝑖𝑗�́�𝑠 indicates extrinsic connectivity strengths (i.e. from 
source 𝑠, population 𝑗 to source �́�, population 𝑖). Sub-
population 1 corresponds to GABAergic cells, sub-population 
2 corresponds to glutamatergic interneurons and sub-
population 3 corresponds to glutamatergic projection cells 
(Figs. 2 and 3). Crucially, 𝐵𝑖𝑗�́�𝑠 accounts for the changes in 
extrinsic connectivity strengths that model the differences in 
the cEPs due to administration of Levodopa (off-dopamine to 
on-dopamine differences). 𝑆(∙) is the sigmoid function which 
is used to map mean depolarization in a population to 
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expected firing rate (Marreiros et al. 2008). The exogenous 
input (𝑈) was applied to the glutamatergic projection cells 
(sub-population 3) of the STN. In the generative model using a 
single cortical source, the exogenous input was applied to the 
glutamatergic interneurons (sub-population 2), in line with 
previous DCM studies (Garrido et al. 2007; Stephan et al. 
2007). 

Parameter Physiological 
connotation 

Value 

𝑔𝐿 Leak conductance 1 mS 
𝜏𝐸 , 𝜏𝐼 Postsynaptic time 

constants 
4, 16ms 

𝛾32𝐸 , 𝛾23𝐸 , 𝛾13𝐸 , 𝛾31𝐼 , 𝛾21𝐼  Intrinsic 
connectivity 

0.5, 0.5, 1, 1, 
0.25 

𝑉𝐿, 𝑉𝐸, 𝑉𝐼 Reversal potential -70, 60, -90 mV 
𝑉𝑅 Threshold potential -40 mV 
𝐿𝐸 ,𝐿𝐼 Extrinsic 

connectivity 
0.5, 0.25 

𝑀 Synaptic 
background activity 

1/8 

Table 1: Parameter values used for generating population dynamics 
(Marreiros et al. 2009) 

The complete set of differential equations describing the 
dynamics of each sub-population, together with differential 
equations describing the coupling between different sub-
populations, can be found in Marreiros et al. (2009).  

b) Prior Assumptions 

Under the assumption that the prior distributions of the (log) 
scale-parameters (Table 1) are Gaussian, the prior 
distribution of each parameter is described by its mean and 
variance (Marreiros et al. 2009). These prior densities are 
shown in Table 2 (Marreiros et al. 2009). 
Priors on 𝐵𝑖𝑗�́�𝑠 determine where dopamine-level dependent 
differences are expressed. These priors define the key 
variants of the models we were interested in comparing. We 
examined three variants (A, B and C) corresponding to 
models in which dopamine exerted its effects on connections 
within the Basal Ganglia (model B), connections involving the 
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cortex (including the hyper-direct pathway; model C) and a 
model in which dopaminergic effects can be expressed in all 
extrinsic connections (model A). Heuristically, model A 
subsumes models B and C (Fig. 4). 

Parameters Mean Variance 
𝐴𝑖𝑗�́�𝑠 0 1 
𝐵𝑖𝑗�́�𝑠 0 1 
𝐶 0 1 
𝑅 0 1/16 
𝐷 0 1/128 
𝑋 0 1/128 
𝐺�́� 0 1/32 
𝑇�́� 0 1/32 

Table 2: Prior densities of parameters under Gaussian assumption  

Experimental studies highlighted the modulatory effect 
dopaminergic receptors have on Ca2+ and K+ channels and on 
Na+-K+

Models A, B and C determine where dopamine can change 
sensitivity to extrinsic afferents. Based on data obtained from 
MPTP treated monkeys it was hypothesized that degeneration 
of dopaminergic neurons in the substantia nigra pars 
compacta gives rise to increased inhibition of the GPe and 
decreased inhibition of the GPi via the indirect and direct 
pathways, respectively. A model was put forward based on 
these connection changes (i.e. classical model of the Basal 
Ganglia) (Alexander et al. 1986) accounting for alterations in 
firing rates in the basal ganglia-thalamocortical network 
during PD. In this model, imbalance of activity in the direct 
and indirect pathways was used to account for hyperactivity 
of the STN and GPi, observed following reduction in dopamine 
levels with respect to the normal state. In model B, it is 

 pumps. In DCM, changes in connection strengths 
between different brain regions are used in order to account 
for differences in experimental conditions (i.e. altered 
dopamine levels). Synaptic connections between different 
regions are inputted directly to the equations defining 
dynamics of a specific brain region (Eq. 1). As a result, 
modulatory effect of dopamine on excitability of a nucleus is 
captured through altered synaptic connection strengths 
impinging on that nucleus.  
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assumed that the same connections hypothesized to be 
altered following degeneration of dopaminergic neurons in 
the classical model of the Basal Ganglia, change as a result of 
dopamine replacement therapy (Alexander and Crutcher 
1990; Alexander et al. 1986; Delong 1990). 
In the classical model, hyperactivity of the STN during PD is 
associated with increased inhibition of the GPe via indirect 
pathway. In addition to receiving inhibitory input from the 
GPe, the STN receives excitatory input from the cortex via the 
hyper-direct pathway. Experimental studies highlighted that 
activity levels in the STN increase prior to depletion of the 
striatal dopamine and that hyper-activity of the STN is not 
necessarily accompanied by a reduction in the GPe activity 
levels (Bezard et al. 1999; Hartmannvonmonakow et al. 1978; 
Nambu et al. 1996; Nambu et al. 2002; Obeso et al. 2000; Vila 
et al. 2000). STN-GPe network is capable of generating 
sustained oscillatory activity patterns in the theta frequency 
band (Terman et al. 2002). The hyper-direct pathway on the 
other hand has been shown to play a crucial role in the 
generation of sustained oscillations in the BG nuclei in the 
beta frequency band during PD (Baufreton et al. 2005; 
Beurrier et al. 2001; Wilson et al. 2006). Taking these 
observations into account, we test the hypothesis that 
changes in the basal ganglia-thalamocortical loop are 
dependent on the hyper-direct pathway. Therefore, in model 
C, we allow the hyper-direct pathway and the down-stream 
connections from the STN to GPi, GPi to thalamus and 
thalamus to cortex to change. 
Last but not least, in model A which is a combination of 
models B and C, all connections between different sources are 
allowed to change to test the hypothesis that altering 
dopamine levels have wide-spread effects on all the 
connections and alters the indirect, direct and hyper-direct 
pathways. 

c) Bayesian Model Comparison 

Bayesian inference makes use of the posterior probability on 
the parameters 𝑝(𝜃|𝑦,𝑚) to summarize our current 
knowledge on model parameters after incorporating the 
likelihood of observing the data (𝑦) given a model, 𝑚, and its 
parameters, 𝜃, with our a priori knowledge on the model 
parameters, 𝜃, expressed through the prior probability 
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𝑝(𝜃,𝑚). Additionally, Bayesian inference provides a measure 
for how well a model explains a data set (i.e. model evidence, 
𝑝(𝑦|𝑚)). Model evidence can also be used to infer among a 
group of models which one best describes the given data set. 
This property is used in this study to infer among three 
variants of the generative model (Figs. 2 and 3) which one 
best captures off-on dopamine specific changes in the cEPs. 
Classical statistics on the other hand allows for testing a 
hypothesis against an alternative hypothesis and does not 
provide a measure for how well a given hypothesis explains 
the data. One potential constraint of Bayesian analysis is the 
strong dependence of the inference made on the prior 
probability, 𝑝(𝜃,𝑚). Dependence on the prior probability can 
be minimized by making use of uninformative priors. For 
instance, in this study, priors on extrinsic coupling (𝐴𝑖𝑗�́�𝑠, 𝐵𝑖𝑗�́�𝑠) 
and exogenous input amplitude (𝐶) are relatively 
uninformative priors (i.e. variance of the prior densities is 
one). 
According to the Bayes’ rule, the posterior probability of the 
parameters (𝜃) conditioned upon the data (𝑦) and the model 
(𝑚) is (Friston et al. 2007; Garrido et al. 2007; Penny et al. 
2004; Stephan et al. 2009): 

𝑝(𝜃|𝑦,𝑚) =  (𝑝(𝑦|𝜃,𝑚)𝑝(𝜃,𝑚)) 𝑝(𝑦|𝑚)⁄                       (6) 

The model evidence 𝑝(𝑦|𝑚), which is the probability of 
obtaining the observed data given model, 𝑚, is defined as 
(Friston et al. 2007; Garrido et al. 2007; Stephan et al. 2009): 

𝑝(𝑦|𝑚) = ∫ 𝑝(𝑦|𝜃,𝑚)𝑝(𝜃,𝑚)𝑑𝜃              (7) 

In DCM, the model evidence is approximated using variational 
Bayes, where an approximating posterior density 𝑞(𝜃) is 
proposed and is optimized with respect to a free energy 
bound (F) on the log-evidence (i.e. ln�𝑝(𝑦|𝑚)�). More 
information on approximating the model evidence using 
variational Bayes can be found in Stephan et al. (2009) and 
Friston et al. (2007).  

Free energy bound (F) is also referred to as negative-free 
energy and provides a lower bound for the log-evidence 
(Friston et al. 2007; Stephan et al. 2009). 
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𝐹 = ln�𝑝(𝑦|𝑚)� − KL[𝑞(𝜃), 𝑝(𝜃|𝑦,𝑚)]              (8) 

The second term in equation 8 is the Kullback-Leibler 
divergence between the approximating posterior density 𝑞(𝜃) 
and the posterior probability of the parameters conditioned 
upon the data and the model, 𝑝(𝜃|𝑦,𝑚) (Kullback and Leibler 
1951; Penny et al. 2004; Stephan et al. 2009). When the 
approximating posterior density, 𝑞(𝜃), is equivalent to the 
posterior probability, 𝑝(𝜃|𝑦,𝑚), the negative-free energy is 
equivalent to the log evidence (Friston et al. 2007; Stephan et 
al. 2009). The definition of negative-free energy can be re-
arranged such that it is partitioned into accuracy (i.e. 
〈ln�𝑝(𝑦|𝜃,𝑚)�〉q)and complexity terms (Stephan et al. 2009).  

𝐹 = 〈ln�𝑝(𝑦|𝜃,𝑚)�〉q − KL[𝑞(𝜃), 𝑝(𝜃|𝑚)]              (9) 

The complexity term is the Kullback-Leibler divergence 
between the approximating posterior density 𝑞(𝜃) and the 
prior probability on the parameters 𝑝(𝜃|𝑚), which is 
equivalent to (Stephan et al. 2009): 

𝐾𝐿[𝑞(𝜃), 𝑝(𝜃|𝑚)] = 1
2

ln|𝐶𝜃| − 1
2

ln�𝐶𝜃|𝑦�

+ 1
2
�µ𝜃|𝑦 − µ𝜃�

𝑇
𝐶𝜃−1(µ𝜃|𝑦 − µ𝜃)

                         (10) 

where 𝐶𝜃 is the prior covariance, 𝐶𝜃|𝑦 is the posterior 
covariance, µ𝜃|𝑦 is the posterior mean and µ𝜃 is the prior 
mean (Stephan et al. 2009). The first term defines the level of 
dependence of the parameters a priori; the second term 
defines the level of dependence of the parameters a 
posteriori, while the third term describes the distance 
between the posterior and prior means (Stephan et al. 2009). 
Hence, the free-energy is sensitive to the accuracy of the 
model but also penalizes complexity (e.g., number of free 
parameters) in an optimum way. 
For a given data set (𝑦), the model describing the data best is 
the model with the highest log-evidence ln 𝑝(𝑦|𝑚) (Friston et 
al. 2007; Garrido et al. 2007; Penny et al. 2004; Stephan et al. 
2009). In this chapter, we compare three variants (i.e. Models 
A, B and C) of the generative model with full and reduced 
architectures to null models, where none of the connections 
among sources were allowed to change (Fig. 4). 
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ln𝐵𝑖 ,null = ln 𝑝(𝑦|𝑚𝑖) − ln 𝑝(𝑦|𝑚null)            (11) 

A positive value for ln𝐵𝑖,null, indicates that model 𝑖 describes 
the data better than the null model (i.e. higher log-evidence) 
and a negative value for ln𝐵𝑖,null indicates that the null model 
describes the data better than model 𝑖 (i.e. the null model has 
higher log-evidence). A difference in free-energy (log-
evidence) of three or more which corresponds to a p-value 
less than or equal to 0.05 is usually considered significant (i.e. 
a log-odds ratio of 20:1) (Penny et al. 2004). In what follows, 
we will present the results of model comparison for each 
subject separately and for the entire data over all subjects. 
This is achieved simply by summing the log-evidences for 
each model over subjects, under the assumption that each 
subject’s data are conditionally independent and the optimal 
model is the same for each subject in the population. The 
latter assumption holds when studying a physiological 
mechanism that is improbable to vary across subjects 
(Stephan et al. 2010) which in this study is the modulatory 
effect of altering dopamine levels. The subject-specific 
profiles of model log-evidence are used to indicate the 
between-subject consistency of inference on models; while 
definitive conclusions are based on the evidence for the 
different models at the group level. Here, we were primarily 
interested in selecting among models A, B and C; and, 
secondarily, in whether the use of reduced models provided 
better models. 
Furthermore, Bayesian parameter averaging is used to infer 
average changes in model parameters across all subjects 
using 𝜇 = 𝛬−1 ∑ 𝛬𝑙µ𝑙

𝑙=9
𝑙=1  and 𝛬 = ∑ 𝛬𝑙𝑙=9

𝑙=1 , where 𝛬𝑙 = 𝜎𝑙−1, 
under the assumption that posterior distribution on the 
model parameters are Gaussian for each subject l (i.e. 
𝑝(𝜃𝑙|𝑦𝑙 ,𝑚) = 𝑁(µ𝑙 ,𝜎𝑙)). Comparable to the assumptions made 
for performing model comparison over all subjects, Bayesian 
parameter averaging can be used under the assumption that 
the optimal model is identical for all subjects (Stephan et al. 
2010). Bayesian parameter averaging takes into account 
variances of the model parameters together with 
interdependencies of model parameters through the 
covariance matrix 𝜎𝑙. 
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d) Software note 

The software used in this study is available as part of the 
academic freeware SPM version 8b (downloaded from 
www.fil.ion.ucl.ac.uk/spm). 

 

         

 
Figure 4: Variations of the generative model tested to account for 
off-dopamine to on-dopamine changes observed in the cEPs: Model 
A: All connections between sources are allowed to change; Model B: 
Connections used in the classical model of Basal Ganglia put 
forward by DeLong et al. (1990) to account for alterations in the 
network arising from dopamine depletion are allowed to change; 
Model C: Hyper-direct pathway and the connections down-stream 
the hyper-direct pathway are allowed to change. (Connections 
which are allowed to change are indicated with dashed lines and 
connections which are not allowed to change are indicated with 
solid lines) 
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6.3 Results 

6.3.1 Cortex 

First, we considered the generative model with a single 
cortical source. The exogenous input was applied at the 
second sub-population of the cortical source. The total 
number of free parameters was six (i.e. excitatory synaptic 
time constant (𝜏𝐸), excitatory synaptic strength between sub-
populations (𝛾32𝐸 , 𝛾23𝐸 , 𝛾13𝐸 ), background synaptic activity (𝑀), 
delay in synaptic connections between different sub-
populations, and exogenous input amplitude and dispersion). 
Figure 5 shows the cEP and the fit for one patient data set (i.e. 
cEP obtained off-dopamine and cEP obtained on-dopamine). 
This generative model can only capture the initial peak in the 
cEPs and not the oscillatory nature of the cEP that follows. 
Similar results were observed for other patient data sets (data 
not shown). This model inversion (i.e. fit) is presented to 
show the need to use more realistic models, as outlined 
below. 

 
Figure 5: cEP and the fit obtained using single cortical source as the 
generative model. cEPs obtained A: off-dopamine and B: on-
dopamine are indicated with solid lines and the fits are indicated 
with dashed lines. Solid grey lines indicate one standard error of the 
mean (i.e. cEP). None of the generative model parameters were 
optimized to account for off-on dopamine-specific changes (i.e. fits 
for off-dopamine and on-dopamine are equivalent). 
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6.3.2 Full Model 

We next inverted the full model where all six sources (i.e. the 
cortex, STN, GPe, GPi and thalamus) were each represented 
with three sub-populations (Fig. 2). Fifteen parameters 
describing source dynamics, two parameters defining 
exogenous input characteristics, and eleven parameters 
describing connection strengths between sources were 
estimated. Depending on the model used to describe the off-
on dopamine specific changes in the cEPs, parameters, 
capturing the increase/decrease in the connection strengths, 
were also estimated. For model A eleven, for model B six and 
for model C four additional parameters were estimated (Fig. 
4). 

 
Figure 6: cEP and the fit obtained using the full model as the 
generative model. cEPs obtained A: off-dopamine and B: on-
dopamine are indicated with solid lines and the fits are indicated 
with dashed lines. Solid grey lines indicate one standard error of the 
mean (i.e. cEP). All the extrinsic connections between sources were 
allowed to change to account for off-on dopamine specific changes 
(Fig. 4A). 

Figure 6 shows the cEP and the fit for one patient data set. 
The generative model can now model both the initial peak in 
the cEPs and the ensuing oscillatory nature of the cEP, 
following the initial peak. Similar results were observed for 
other patient data sets (data not shown). 
Using Bayesian model comparison, we compared three 
variants of this full model (Fig. 4 A, B and C), which differed 
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with respect to connections that were allowed to exhibit off-
on dopamine-specific changes, with respect to a null model.  
For six patient data sets out of nine, the best model was the 
model allowing all the extrinsic connection strengths between 
sources to change to account for off-on dopamine-specific 
changes (Patients 2-7) (Fig. 7A). In one patient data set the 
dopamine specific changes were best described by model C 
(Patient 9) (Fig. 7A). For two patient data sets, the null model 
was favored over the three variants (Patients 1 and 8) (Fig. 
7A). The best model per patient was determined based on the 
differences in log-evidences (i.e. a difference in log-evidence 
of three or more which corresponds to a p-value less than or 
equal to 0.05 (Penny et al. 2004)). 

6.3.3 Reduced Model 

We then repeated the above procedure using the reduced 
model where the STN, striatum, GPe, GPi and thalamus were 
described using one population (Fig. 3). Since the STN, 
striatum, GPe, GPi and thalamus are each described by one 
population; excitatory synaptic strengths between sub-
populations are not optimized for these populations, resulting 
in a difference of five parameters in the total number of 
parameters estimated with respect to the full model. 
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Figure 7: Log evidence of the variations of the generative model 
with respect to null models: Model A: All connections between 
sources are allowed to change (Fig. 4A); Model B: Connections 
utilized in the classical model of the basal ganglia-thalamocortical 
loop put forward by DeLong et al. (1990) are allowed to change (Fig. 
4B); Model C: Hyper-direct pathway and the connections down-
stream the hyper-direct pathway are allowed to change (Fig. 4B). 
The generative models were tested using full (Fig. 7A) and reduced 
architectures (Fig. 7B). 

For five patient data sets out of nine, the best model was 
model A, describing the off-on dopamine-specific changes 
based on changes in all the extrinsic connection strengths 
between sources (Patients 1, 2, 3, 6, 8) (Fig. 7B). In two 
patient data sets dopamine specific changes were best 
captured through the classical changes outlined by DeLong et 
al. (1990) (Patients 4 and 7) while in one patient data set the 
dopamine specific changes were described through the hyper-
direct pathway and the projections downstream the hyper-
direct pathway (Patient 5). For one patient data set, the null 
model was the best model (Patient 9) (Fig. 7B).  
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6.3.4 Synthesis of model comparison 

 
Figure 8: Log-evidence (free-energy) over all the models tested, 
after pooling (summing) over subjects. These models are based on 
models A, B and C (which determine where dopamine can change 
sensitivity to extrinsic afferents). For each of these models, we 
considered full and reduced architectures. 

To make final inferences about the different models, we 
pooled the model evidence over all subjects. Figure 8 shows 
the log-evidence (free-energy) over all the models tested, 
after summing over subjects. These models are based on 
models A, B and C (i.e. which determine connections that are 
allowed to vary with changes in dopamine levels). For each of 
these models, we considered full and reduced architectures. 
One can see that the best class of model was of variant A for 
both full and reduced architectures. Interestingly, the reduced 
architecture had a greater log-evidence for every variant of 
the model. This is important because the reduced models had 
fewer parameters, suggesting that the reduction in 
complexity more than compensated for the decrease in 
accuracy, when using reduced models informed by main 
projection cell types at each source. It should be noted that 
inferences made only holds for the nine subjects used in this 
study. 
In summary these results are clear evidence that dopamine 
affects both the connections within the Basal Ganglia and the 
hyper-direct pathway (and downstream connections). This is 
because a model that allowed for changes in both subsets of 
connections was better than the models that limited changes 
to one or the other. In this context, a change in connection 
strength means that the sub-populations become more or less 
sensitive to extrinsic afferents. Quantitatively, this change in 
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gain is encoded by the 𝐵𝑖𝑗�́�𝑠 parameters. Figure 9 shows these 
average changes over all subjects. Projections between the 
cortex and the thalamus were altered the least (4 %) while 
the connection strength from the GPi to the thalamus shows 
the largest reduction following Levodopa administration. 
Additionally, the sensitivity to the hyper-direct pathway and 
the excitatory projection from the STN to GPi decreases. 
According to the classical model of the Basal Ganglia, 
reduction in dopamine levels is accompanied with increased 
inhibition of the GPe via the indirect pathway and decreased 
inhibition of the GPi via the direct pathway. Changes in the 
striatum-GPe and striatum-GPi connections estimated over all 
subjects show increased inhibition of the GPe and decreased 
inhibition of the GPi following Levodopa administration. 
 

 
Figure 9: Changes in connection strengths estimated over all 
subjects using Bayesian parameter averaging. Values indicate 
percentage increase (+) or decrease (-) in connection strengths for 
on-dopamine condition with respect to connection strengths 
obtained for off-dopamine condition (i.e. 𝐵𝑖𝑗�́�𝑠/𝐴𝑖𝑗�́�𝑠). The estimate 
applies only for the nine subjects analyzed and inferences cannot be 
made regarding the entire population the subjects are chosen from.  

Cortex

Striatum

GPe

STN GPi

Thalamus

-4
7 

%

-65 %

-1
86

 %

4 
%4 %

55 %

-9
5 

%

95 %

73
 %

-5
0 

%

32
 %



 187 Chapter 6 

6.4 Discussion 

Continuous synchronized oscillations in the 3-30 Hz 
frequency range are observed in the basal ganglia-
thalamocortical loop during PD (Boraud et al. 2005; Brown 
2003; Brown et al. 2001; Cassidy et al. 2002; Chen et al. 2007; 
Hammond et al. 2007; Kuhn et al. 2008; Kuhn et al. 2006; 
Kuhn et al. 2005; Kuhn et al. 2009; Kuhn et al. 2004; 
Trottenberg et al. 2006). Administration of anti-parkinsonian 
drugs or surgical interventions such as lesioning or DBS 
suppresses these synchronized oscillations and alleviate PD 
motor symptoms (Kuhn et al. 2006). This observation has 
lead to the hypothesis that continuous synchronized 
oscillations in the 3-30 Hz frequency range are linked to the 
PD motor symptoms (Brown 2003).  
It has been suggested that loss of dopaminergic neurons in 
the substantia nigra pars compacta during PD exposes the 
basal ganglia-thalamocortical loop to resonance around 20 Hz 
(Eusebio et al. 2009). To test this hypothesis, Eusebio et al. 
(2009) recorded EEGs during STN-DBS both when the 
patients were off anti-parkinsonian drugs and when the 
patients were on anti-parkinsonian drugs. It was observed 
that amplitude of the cEPs during 20 Hz STN-DBS were larger 
than those recorded at other frequencies (Eusebio et al. 
2009). Moreover, administration of anti-parkinsonian drugs 
modulated the cEPs (Eusebio et al. 2009). The cEPs were 
successfully fitted using a damped oscillator model, with 
natural frequency around 20 Hz (Eusebio et al. 2009). The 
damped oscillator model revealed that changes arising in 
cEPs due to administration of Levodopa could be captured as 
an increase in the damping factor of the damped oscillator 
model (Eusebio et al. 2009).  
We have studied the potential biophysical mechanisms 
underlying these phenomena using DCM. The generative 
model employed in DCM is based on the well established 
model of the basal ganglia-thalamocortical network 
(Alexander and Crutcher 1990; Alexander et al. 1986; Delong 
1990). DCM allows one to estimate parameters describing the 
underlying neuronal dynamics given a data set and a 
generative model (Garrido et al. 2007; Stephan et al. 2007). 
The a priori assumptions made by DCM are that changes in 
dopamine levels are captured solely as changes in connection 
strengths between sources (i.e. a selective change in post-
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synaptic sensitivity to afferent extrinsic connections). In this 
chapter, we tested three models to account for dopamine 
specific changes: model A: all connections between sources 
can change; model B: connections within the Basal Ganglia 
can change; model C: the hyper-direct pathway and 
connections making up the outer loop of the basal ganglia-
thalamocortical loop can change. Model A is based on the 
hypothesis that dopaminergic treatment does not only modify 
the connection strengths within the Basal Ganglia and has an 
effect on the connection strengths between all the sources 
within the basal ganglia-thalamocortical network. Model B is 
based on the classical model of the Basal Ganglia and captures 
the hypothesis that dopaminergic treatment solely modifies 
the connection strengths within the Basal Ganglia (Alexander 
and Crutcher 1990; Delong 1990). Model C is derived from 
the hypothesis that administration of Levodopa has an effect 
on the hyper-direct pathway and the connections making up 
the outer loop of the basal ganglia-thalamocortical loop; i.e. 
the smallest loop connecting the hyper-direct pathway back 
to the cortex. One can regard Model A as a combination of the 
two more restricted hypotheses about the site of action of 
dopamine. 
Bayesian model comparison was used to compare three 
variants (Fig. 4) of the generative models (i.e. full and reduced 
architectures (Figs. 2-3)) to evaluate the evidence in favor of 
one model with respect to the other one. Bayesian model 
comparison exploits the negative free energy in model 
evaluation. The negative free energy is made up of a 
complexity and an accuracy term (Eqs. 9 and 10). In DCM, the 
more accurate model is favored while the more complex 
model is penalized. The outcome of model comparison is 
solely dependent on the models evaluated and does not 
eliminate the possibility that there can be other equally or 
more plausible models 
Model comparison provided clear evidence, at the group level, 
that dopamine affects both the connections within the Basal 
Ganglia and the hyper-direct pathway (and downstream 
connections). This is because a model (i.e. model A) that 
allowed for changes in both subsets of connections was better 
than models that limited changes to one or the other (models 
B and C) (Fig. 8). 
We also tested for the effect of source modeling. In the 
reduced basal ganglia-thalamocortical network model, 
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sources STN, striatum, GPe, GPi and thalamus, were modeled 
with a single population instead of three interconnected 
populations. As a result, in the reduced model, neuronal 
dynamics were described with fewer parameters with respect 
to the full model (i.e. five parameters). With the reduced 
model, the range of dynamics each source is able to exhibit is 
inherently limited, which means the complexity of these 
models is smaller; however, as we have seen, their evidence 
can surpass more complex models. The relative difference 
between the models A, B and C was similar under full and 
reduced architectures (Fig. 8).  
Based on the description of the generative model and the set 
of priors used, log-evidences of the models varied per patient 
(Fig. 7). More than 50% of the patient data sets were best 
described by model A (for both full and reduced models), 
where all extrinsic connection strengths between sources 
change to take into account off-on dopamine-specific changes. 
It is interesting to note that, for all the generative models 
tested in this chapter, only a small subset of the patient data 
was best described by model B, where off-on dopamine-
specific changes are captured through the changes in the 
connection strengths in the Basal Ganglia and model C, where 
dopamine modulates sensitivity to the hyper-direct pathway 
and down-stream connections. Our results indicate Levodopa 
administration leads to wide-spread effects or changes in the 
connectivity strengths that include both the Basal Ganglia and 
the hyper-direct cortex-STN-thalamocortical loop. 
One of the most important challenges involved with using 
DCM to model data from PD patients is the prior densities of 
parameters used. Standard prior densities used in DCM are 
based on literature and are aimed at capturing the 
characteristics of a “healthy” brain. In the future, making use 
of a larger patient data set could enable identification of 
different prior densities derived from posterior densities 
averaged across patients. In this study, the striatum, STN, GPe, 
GPi and thalamus contribute to the parameter estimates and 
the fit for the experimental data through the network 
topology and specifically via the projections onto the cortex. 
Lack of (invasive) source data, which could be used to 
constraint the dynamics of the striatum, STN, GPe, GPi and 
thalamus puts even further emphasis on the prior densities. 
Incorporation of experimental observations highlighting the 
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effects of dopamine depletion on the dynamics may be a 
crucial step in the future applications of DCM.  
In conclusion, DCM is a powerful and unique tool which 
provides a new platform for theoretical studies involving PD 
patients, where one can make use of data in the form of local 
field potentials and cEPs to make inferences about changes in 
network dynamics due to different experimental conditions.  
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Deep Brain Stimulation: fad, fashion or function 

Deep Brain Stimulation (DBS) has become an accepted 
therapy of last resort for Parkinson’s disease (Benabid et al. 
1996; Benabid et al. 1991; Benabid et al. 2005; Deuschl et al. 
2006; Krack et al. 2003; Kumar et al. 1998; Obeso et al. 2001; 
Rodriguez-Oroz et al. 2005). The acceptance of DBS for the 
management of Parkinson’s disease motor symptoms is based 
on its success rate and contrasts sharply with ones 
understanding of the pathophysiology underlying the disease 
state. Implanted electrodes allowed researchers to collect 
extensive information from animal models (Hashimoto et al. 
2003; Plenz and Kital 1999; Sharott et al. 2005; Sharott et al. 
2004) and humans (Dostrovsky et al. 2000; Hammond et al. 
2007; Kuhn et al. 2004; Moro et al. 2002; Sharott et al. 2005). 
Identification of possible nuclei which could be targeted for 
the management of Parkinson’s disease motor symptoms is 
ongoing together with establishment of reliable patient 
selection criteria. Success of DBS for Parkinson’s disease also 
tempted clinicians to apply DBS for the treatment and 
management of many other difficult to treat brain pathologies 
such as obsessive compulsive disorder, depression, epilepsy, 
schizophrenia, and so forth. (Alexander and Crutcher 1990; 
Alexander et al. 1986; Benabid et al. 1996; Benabid et al. 
1991; Benabid et al. 2005; Delong 1990; Deuschl et al. 2006; 
Krack et al. 2003; Kumar et al. 1998; Obeso et al. 2001; 
Rodriguez-Oroz et al. 2005). 

Parkinson’s disease 

DBS parameters used for the management of Parkinson’s 
disease motor symptoms have been derived empirically 
(Benabid et al. 1991; Moro et al. 2002). Experiments have 
shown that high frequency stimulation of the subthalamic 
nucleus (STN) or the globus pallidus internum (GPi) leads to a 
reduction in firing rates at the stimulated nucleus (Benazzouz 
et al. 2000; Boraud et al. 1996). Computational studies 
indicate that suppression of activity at the stimulated nucleus 
is dependent on the balance between hyperpolarizing and 
depolarizing effects of the electric field on the dendrites and 
activation of afferent GABAergic fibers impinging on the 
stimulated nucleus (McIntyre et al. 2004). These studies have 
also shown that passing and projecting myelinated fibers can 
be activated by DBS resulting in alterations in down-stream 
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activity patterns (Holsheimer et al. 2000; McIntyre et al. 
2004). Alterations in down-stream activity patterns have also 
been experimentally recorded (Hashimoto et al. 2003). 
Specifically in the context of Parkinson’s disease, target 
nucleus for DBS is either the STN or the GPi. During STN-DBS, 
activity patterns in the GPi would be regularized as a result of 
high frequency activation of glutamatergic projections from 
the STN (Hashimoto et al. 2003; Miocinovic et al. 2006). 
During GPi-DBS however, phasic inhibition of the 
thalamocortical relay neurons would be replaced with 
constant inhibition from the GPi (Johnson and McIntyre 
2008). Overall, it is hypothesized that high frequency 
stimulation has an effect on the pathological synchronization 
of the Basal Ganglia nuclei in the theta and beta frequency 
bands and when applied to key nuclei in the basal ganglia-
thalamocortical loop, prevents relay of these pathological 
oscillations further down the loop (Brown 2003). 
Generalization of this explanation for the effects of DBS to 
other brain circuits is most likely an oversimplification that 
first needs thorough experimental and computational 
support.  

Dystonia 

Use of DBS was extended to the treatment of primary 
dystonia (Coubes et al. 2004; Kupsch et al. 2006; Vidailhet et 
al. 2005). Comparable to Parkinson’s disease, dystonia is also 
predominantly based on alterations observed in the basal 
ganglia-thalamocortical circuit (Wichmann and DeLong 
2006). Dystonia is associated with reduced activity levels in 
the GPi both at rest and during movement (Starr et al. 2005). 
Similar to Parkinson’s disease, activity patterns in the Basal 
Ganglia nuclei are altered during dystonia and increased 
levels of synchrony have been reported, especially in the theta 
frequency band (Silberstein et al. 2003). High frequency 
stimulation applied to the GPi leads to significant clinical 
improvement and suppression of dystonic symptoms (Coubes 
et al. 2004; Kupsch et al. 2006; Vidailhet et al. 2005). In 
comparison with Parkinson’s disease, the efficacy of high 
frequency stimulation for dystonia has been seen as 
paradoxical on account of the differences observed in the 
firing rates in the Basal Ganglia: i.e. reduction in the GPi firing 
rate during dystonia in contrast to hyperactivity of the GPi 
during Parkinson’s disease. One explanation for this 
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seemingly paradoxical efficacy could be rooted in 
regularization of the oscillatory activity patterns observed 
during dystonia in the basal ganglia-thalamocortical circuit by 
high frequency stimulation; comparable to the hypothesized 
mechanism underlying the efficacy of DBS for Parkinson’s 
disease. Similar to lesioning of the GPi for the treatment of 
dystonia, suppression of symptoms as a result of DBS take up 
to six months to establish (Benabid et al. 2005; Wichmann 
and DeLong 2006). This indicates that unlike Parkinson’s 
disease, where motor symptom suppression occurs 
immediately as a result of DBS or lesioning, suppression of 
dystonic symptoms likely involves slow alterations to certain 
network dynamics (Benabid et al. 2005). 

Obsessive Compulsive Disorder and Tourette’s 
Syndrome 

DBS has also been used in the treatment of disorders such as 
obsessive compulsive disorder and the Tourette’s syndrome 
(Ackermans et al. 2006; Ackermans et al. 2008; Greenberg et 
al. 2006; Houeto et al. 2005; Mink et al. 2006; Nuttin et al. 
2003a; Nuttin et al. 2003b). Both obsessive compulsive 
disorder and the Tourette’s syndrome are correlated with 
dysfunction of the basal ganglia-thalamocortical loop 
(Wichmann and DeLong 2006). Limited trials made in this 
field have shown promising results in alleviation of disease 
symptoms (Ackermans et al. 2006; Ackermans et al. 2008; 
Greenberg et al. 2006; Houeto et al. 2005; Mink et al. 2006; 
Nuttin et al. 2003a; Nuttin et al. 2003b). Obsessive compulsive 
disorder is believed to be linked to a dysfunction of the non-
motor portions of the basal ganglia-thalamocortical loop; 
more specifically hyper-activity of the frontal corticostriatal 
projection (Delong 1990; DeLong and Wichmann 2007). A 
possible target nucleus emerging from trials for the treatment 
of the obsessive compulsive disorder is the ventral striatum; 
high frequency stimulation of this nucleus aims at modulating 
and reducing the frontal corticostriatal hyperactivity 
(Greenberg et al. 2006; Nuttin et al. 2003a; Nuttin et al. 
2003b). The Tourette’s syndrome has both cognitive and 
motor features and therefore been linked to dysfunction of 
both the frontal cortex and the motor basal ganglia-
thalamocortical circuit (DeLong and Wichmann 2007; 
Peterson et al. 1998; Wichmann and DeLong 2006; Ziemann 
et al. 1997). It is hypothesized that the motor basal ganglia-
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thalamocortical circuit is impaired during the Tourette’s 
syndrome giving rise to inability to perform action selection 
and to suppress movements; resulting in characteristic tics 
(Ackermans et al. 2006; Ackermans et al. 2008; DeLong and 
Wichmann 2007; Wichmann and DeLong 2006). The efficacy 
of DBS is limited in the treatment of the Tourette’s syndrome 
(Wichmann and DeLong 2006). This could be a direct 
consequence of the involvement of both the motor and non-
motor circuits in the manifestation of the Tourette’s 
syndrome. Our lack of understanding of the complete 
circuitry that underlies the Tourette’s syndrome makes 
identification of a successful target region difficult and it may 
well require stimulation of multiple regions to successfully 
treat the symptoms. For the management of the Tourette’s 
syndrome, possible targets include the GPi and ventral 
thalamus (Ackermans et al. 2006; Ackermans et al. 2008; 
Houeto et al. 2005; Mink et al. 2006; Visser-Vandewalle et al. 
2003). 

Major Depression 

Currently DBS is also experimentally applied for the 
treatment of major depression (Gutman et al. 2009; Johansen-
Berg et al. 2008; Mayberg 2003; Mayberg et al. 1999; Mayberg 
et al. 2005). In recent years imaging techniques such as 
positron emission tomography (PET) and diffusion tensor 
imaging (DTI) have been extensively utilized in identification 
of brain regions involved in the manifestation of major 
depression and in determination of the connectivity levels 
between these regions (Gutman et al. 2009; Johansen-Berg et 
al. 2008). Several nuclei have been used as target nuclei for 
DBS; some of which were based on the side-effects observed 
during STN-DBS, used for the management of Parkinson’s 
disease symptoms (Benabid et al. 2005). During STN-DBS 
depending on the electrode location and the stimulation 
parameters (most specifically pulse amplitude) adverse side-
effects including mood changes are observed (Funkiewiez et 
al. 2004). Based on imaging studies indicating over activity of 
the subgenual cingulate region area 25 during major 
depression; DBS has been applied to this region with success 
in some patients (Mayberg et al. 2005). Recent imaging 
studies have also highlighted that the subgenual cingulate 
region area 25 is strongly connected to various brain regions, 
implicated in major depression (Gutman et al. 2009; 
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Johansen-Berg et al. 2008). There are several difficulties 
involved with the application of DBS for major depression. 
Firstly, major depression is a heterogeneous psychiatric 
disorder making patient selection for DBS challenging. 
Additionally, limited knowledge about the mechanisms 
underlying depression, lack of animal models and agreement 
upon the complete circuitry implicated in the manifestation of 
major depression together with wide spread functionality of 
the nuclei already implicated in major depression (i.e. 
hypothalamus) pose significant challenges (Nestler et al. 
2002).  

Epilepsy 

Last but not least, currently trials are being conducted for 
application of DBS for the management of epilepsy (Hodaie et 
al. 2002; Nagel and Najm 2009; Vercueil et al. 1998; Vonck et 
al. 2002). Epileptic seizures are episodic and epileptic brain 
switches between a “normal” state and epileptic activity 
(Lopes da Silva et al. 2003; Nagel and Najm 2009). Treatment 
techniques utilized in the management of epilepsy aims at 
predicting/detecting onset of the epileptic activity and 
suppressing it or extending the duration the brain remains in 
the “normal” state by continuously modulating the networks 
involved in generation of epileptic seizures (Nagel and Najm 
2009). There are two main streams of research regarding 
application of DBS: 1) closed loop stimulation in conjunction 
with seizure detection and 2) open loop stimulation (i.e. 
continuous stimulation) (Chabardes et al. 2002; Cooper et al. 
1976; Cooper and Upton 1978; Fountas et al. 2005; Handforth 
et al. 2006; Kossoff et al. 2004; Osorio et al. 2005; Osorio et al. 
2007; Velasco et al. 2007; Velasco et al. 2000; Velasco et al. 
1987; Velasco et al. 1995). DBS is used to reduce the 
likelihood of a seizure together with reducing the severity of 
the seizures (Nagel and Najm 2009). Several nuclei have been 
tried as target nuclei such as the cerebellum, substantia nigra, 
caudate nucleus, STN and anterior thalamic nucleus 
(Chabardes et al. 2002; Cooper et al. 1976; Cooper and Upton 
1978; Fountas et al. 2005; Handforth et al. 2006; Kossoff et al. 
2004; Osorio et al. 2005; Osorio et al. 2007; Velasco et al. 
2007; Velasco et al. 2000; Velasco et al. 1987; Velasco et al. 
1995). Both animal and human studies have shown mixed 
results when DBS has been applied to these nuclei (Chabardes 
et al. 2002; Cooper et al. 1976; Cooper and Upton 1978; 
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Fountas et al. 2005; Handforth et al. 2006; Kossoff et al. 2004; 
Osorio et al. 2005; Osorio et al. 2007; Velasco et al. 2007; 
Velasco et al. 2000; Velasco et al. 1987; Velasco et al. 1995). 
Several points need to be addressed regarding application of 
DBS for epilepsy such as target nucleus, stimulation 
parameters and reliable patient selection criteria (Nagel and 
Najm 2009).  
As use of DBS is becoming more and more accepted, several 
clues are emerging regarding the mechanism of action of DBS 
(McIntyre and Hahn 2010). At the stimulated nucleus, effect 
of DBS is dependent on the stimulation parameters used, 3D 
morphology of the neurons, and the afferent fibers impinging 
on the stimulated nucleus (Johnson and McIntyre 2008; 
McIntyre and Hahn 2010; McIntyre et al. 2004; Miocinovic et 
al. 2006). Modulation of the average firing rate at the 
stimulated nucleus relies on the combined hyperpolarizing 
and depolarizing effect of the electric field on the dendrites of 
the neurons, together with the effect of activated 
glutamatergic and GABAergic fibers projecting on to the 
stimulated nucleus (Johnson and McIntyre 2008; McIntyre 
and Hahn 2010; McIntyre et al. 2004; Miocinovic et al. 2006). 
Activation of passing fibers is dependent on the orientation of 
the fibers within the electric field together with the 
dimensions of the passing fibers (Holsheimer et al. 2000; 
Johnson and McIntyre 2008; McIntyre and Hahn 2010; 
McIntyre et al. 2004; Miocinovic et al. 2006). The overall 
effect that one wishes to achieve with DBS is also dependent 
on which passing fibers are activated and whether these 
passing fibers are in turn impinging on the desired 
downstream nuclei (Hashimoto et al. 2003; Johnson and 
McIntyre 2008; McIntyre and Hahn 2010; McIntyre et al. 
2004; Miocinovic et al. 2006). Therefore, details of the 
underlying neural circuitry are highly relevant for the overall 
effect of DBS on a micro to macro level. 
In contrast to pharmacological alternatives of DBS for disease 
management which have widespread effect on the brain, DBS 
suppresses disease symptoms through localized modulation 
of the neural circuitry. This property of DBS puts further 
emphasis on understanding the circuitry underlying 
pathologies since efficacy of DBS is closely tied to 
understanding the end goal one wishes to achieve by 
stimulating the target nucleus and by modulating activity 
patterns of the downstream nuclei. Another key point which 
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emerges time and time again is heterogeneity associated with 
the disease of interest which has direct implications for 
patient selection. Additionally, possible network and neuronal 
differences underlying disease heterogeneity would also have 
implications on the selection of target nuclei. 
Integration and use of information obtained from patient 
data, animal models, computational models and imaging 
studies continues to be instrumental in furthering the 
research field on DBS. In this thesis, we studied dynamics of 
the neural circuitry involved in Parkinson’s disease, using 
theoretical models and experimental recordings. In chapters 2 
and 3, we looked into possible mechanisms underlying 
efficacy of DBS for the management of Parkinson’s disease. To 
this end, we studied in depth properties of the underlying 
circuitry both at a single cell and network level. Making use of 
a Basal Ganglia network model projecting onto a 
thalamocortical relay neuron model, we looked into 
mechanisms contributing to the efficacy of high frequency 
stimulation for suppression of Parkinson’s disease motor 
symptoms. We observed that high frequency stimulation is 
more effective in modulating the Basal Ganglia network away 
from oscillatory activity patterns together with preventing 
relay of pathological oscillations by the thalamocortical relay 
neurons to downstream nuclei (i.e. cortex). Low frequency 
stimulation on the other hand is not as effective in modulating 
neither the Basal Ganglia network nor the thalamocortical 
relay neurons away from relaying pathological oscillations to 
downstream nuclei. Additionally, high frequency stimulation 
is able to suppress relay of pathological oscillations at low 
stimulation amplitudes which does not impair relay of 
excitatory cortical inputs. At low stimulation frequencies, 
higher stimulation amplitudes are required in order to 
suppress relay of oscillatory Basal Ganglia activity patterns to 
the cortex. High stimulation amplitudes on the other hand, 
give rise to ‘informational lesion’ by also suppressing relay of 
excitatory cortical inputs. In chapter 4, based on the 
observations made using the theoretical models, we studied 
cellular properties of the thalamocortical relay neurons in-
vitro. We first investigated modulatory effects of high 
frequency stimulation on the thalamocortical relay neurons. 
Based on ion channel properties of the thalamocortical relay 
neurons contributing to the modulatory effects of high 
frequency stimulation, we mimicked the effect that high 
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frequency stimulation has on thalamocortical relay neurons 
by using well timed pulse trains. 
Understanding mechanisms involved in manifestation of the 
pathology is crucial for improving the therapies used in the 
management of the disease. There are several hypotheses 
regarding the mechanisms leading to oscillations and elevated 
levels of synchrony in the basal ganglia–thalamocortical 
network during Parkinson’s disease. In chapter 6, we made 
use of cortical evoked potentials obtained from Parkinson’s 
disease patients in order to study properties of the basal 
ganglia-thalamocortical network prior to and following 
administration of Levodopa. We inferred parameters dictating 
network dynamics based on cortical evoked potentials, 
obtained from Parkinson’s disease patients and studied 
possible changes in connection strengths between different 
brain regions. These changes were used to capture the 
differences in the cortical evoked potentials, arising from 
alterations in dopamine levels. 

Is feeding the network of interest with high frequency 
pulses the answer for the treatment of various diseases?  

Understanding the physiological signals observed at the 
nuclei of interest and the changes that occur leading to the 
pathological state are of key importance for determining how 
the network should be modified during DBS. High frequency 
stimulation is highly efficient in modifying the network of 
interest away from synchronized oscillatory firing patterns 
during Parkinson’s disease (Cagnan et al. 2009; Guo et al. 
2008; Hashimoto et al. 2003; McIntyre and Hahn 2010; Rubin 
and Terman 2004). It still remains unknown though whether 
this is ideal for the treatment of other diseases. For instance 
use of continuous stimulation for epilepsy would inherently 
imply that the brain is also stimulated during the “normal 
state”. Therefore it needs to be identified which patterns do 
not “jam” the physiological state of the brain while delivering 
the desired treatment outcome which in the case of epilepsy 
is controlling the excitability of different networks in order to 
minimize frequency of seizures (Nagel and Najm 2009). 
Similarly, for obsessive compulsive disorder, Tourette’s 
syndrome and major depression one needs to observe the 
underlying pathological and physiological signals to 
understand whether the use of continuous high frequency 
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stimulation is most suitable for the modification of the 
pathological signals at hand. 

Closed loop stimulation 

Closed loop stimulation, during which a brain region would be 
stimulated using pulses dependent on the characteristic 
signals measured from a patient’s brain, remains one of the 
most important and challenging research topics in the field of 
DBS. There exist several challenges with the realization of 
closed loop stimulation. Despite increasing experimental and 
theoretical studies investigating mechanism of DBS, a 
consensus regarding the mechanism(s) has not yet been 
reached. Since the mechanism underlying the efficacy of open 
loop high frequency stimulation is not well understood, 
conversion of the system into closed loop is highly 
challenging. In the context of Parkinson’s disease, continuous 
oscillations in the theta and beta frequency bands are 
associated with Parkinson’s disease motor symptoms and one 
wishes to suppress these overtly synchronized continuous 
oscillations. On the other hand, beta frequencies are known to 
be utilized during voluntary movement. Therefore, for 
instance if the closed loop stimulation is designed to suppress 
beta band oscillations in the Basal Ganglia, one would need to 
make sure that “good” beta band oscillations utilized in 
movement control is not suppressed together with “bad” beta 
band oscillations, leading to Parkinson’s disease motor 
symptoms (Boraud et al. 2005). Basal ganglia-thalamocortical 
loop is a complex dynamic network. It is still not well 
understood, how synchronous beta band oscillations are 
generated in the network during Parkinson’s disease and how 
these oscillations are sustained within the network. There are 
several sub-cortical and cortical loops which are candidates 
for the generation of such oscillations: e.g. cortico-cortico, 
thalamocortical, STN and globus pallidus externum, and so 
forth. Of course, the difficulty faced in identifying a single sub-
loop as the generator of beta band oscillations could imply 
that beta band oscillations result from complex interactions 
within the basal ganglia–thalamocortical loop, onset by a 
reduction in the dopamine level within the network and that 
all the nuclei forming the basal ganglia-thalamocortical loop 
contribute in one way or another in the generation of these 
oscillations. Last but not least, the implemented closed loop 
stimulation should be robust enough to withstand variability 
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among Parkinson’s disease patients. In chapter 5 while 
working on automatic detection of the STN from MERs; we 
observed that there is not one MER feature which can be used 
to distinguish the STN from the surrounding structures and 
that there exist substantial variability among patients. 
Richness of the patient data points to potential difficulties in 
the realization of closed loop stimulation which should be 
robust enough in its implementation to ensure applicability to 
different patients. 
Closed loop stimulation has also been considered for the 
management of epilepsy. The aim is to realize a system which 
can predict or detect onset of an epileptic seizure and deliver 
pulses in order to modulate the brain away from the epileptic 
state. One of the major obstacles remains the identification of 
a target nucleus which can be stimulated to achieve this goal. 
At this point, heterogeneity among patients poses a major 
barrier in identification of a single target nucleus. Moreover, it 
still remains unknown whether it is possible to modulate the 
brain away from an epileptic seizure following seizure 
detection or if it is simply too late at that stage. 
DBS is a successful surgical treatment technique and 
compared to lesioning different brain regions, it is less 
invasive and reversible, making it an attractive alternative for 
the treatment of several diseases. Nonetheless, some caution 
needs to be taken in the extension of the application fields of 
this surgical technique. To make sure that desirable outcomes 
are achieved from the application of DBS, we need to know 
which regions we are trying to modulate, why we are trying to 
modulate specific regions, how we need to modulate them, 
what ideal stimulation frequencies are for different diseases 
and what ideal stimulation patterns are for different diseases. 
Incorporation of data from macro to micro scale and 
utilization of theoretical models to study neuronal dynamics 
both at a single cell and population level would play a 
significant role in furthering our understanding on obsessive 
compulsive disorder, Tourette’s syndrome, major depression 
and epilepsy and enable researchers to broaden the 
application of DBS together with achieving increased 
coherence in clinical outcome of DBS when used in the 
management of these afore mentioned diseases. 
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Summary 

Deep Brain Stimulation (DBS) has become an accepted therapy of 
last resort for Parkinson’s disease (PD). The acceptance of DBS for 
the management of PD motor symptoms is based on its success rate 
and contrasts sharply with ones understanding of the 
pathophysiology underlying the disease state and mechanism of 
DBS. Theoretical and experimental studies at a neuronal and 
population level continue to shed light on the mechanism of DBS. In 
this thesis, we employ computational models in order to test certain 
hypothesis put forward in the field regarding the mechanism of DBS 
and efficacy of high frequency stimulation. Moreover, we make use 
of cellular recordings in order to test the validity of observations 
made using computational models. We incorporate population level 
recordings, obtained from PD patients, into a theoretical population 
level model in order to infer possible neuronal mechanisms 
underlying the differences observed in the recordings, arising from 
different experimental conditions. Last but not least, we analyze 
experimental recordings obtained from PD patients and assess 
which signal properties are selective to certain brain regions of 
interest. 

Utilizing theoretical models for investigating mechanism of Deep 
Brain Stimulation 

In chapter 2, we investigated 1) functional importance of correlated 
Basal Ganglia (BG) activity associated with PD motor symptoms by 
analyzing effects of globus pallidus internum (GPi) bursting 
frequency and synchrony on a thalamocortical relay (TCR) neuron, 
which received GABAergic projections from this nucleus; 2) effects 
of subthalamic nucleus (STN) DBS on the TCR neuron’s response to 
synchronized GPi oscillations; and 3) functional basis of the inverse 
relationship that has been reported between DBS frequency and 
stimulus amplitude, required to alleviate PD motor symptoms 
(Benabid et al., Lancet, 337, 403-406, 1991). The TCR neuron 
selectively responded to and relayed synchronized GPi inputs 
bursting at a frequency located in the range of 2-25 Hz. Input 
selectivity of the TCR neuron is dictated by low threshold calcium 
current dynamics and passive membrane properties of the neuron. 
STN-DBS prevented the TCR neuron from relaying synchronized GPi 
oscillations to cortex. Our model indicates that DBS alters BG output 
and input selectivity of the TCR neuron; providing an explanation 
for the clinically observed inverse relationship between DBS 
frequency and stimulus amplitude.  
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In chapter 3, we investigated membrane properties of a TCR neuron 
using numerical bifurcation analysis and observed that the TCR 
neuron exhibits bistability (i.e. non-spiking or sub-threshold 
oscillations and rebound spiking locked to the bursting frequency of 
the pre-synaptic GABAergic GPi neurons). The TCR neuron model is 
also used to investigate possible mechanisms underlying the 
existence of a clinically effective stimulation window, i.e. low 
stimulation amplitude and high frequency. To this end, we studied 
the effect of DBS parameters on thalamocortical relay of excitatory 
cortical inputs and pathological BG oscillations. We observed that 
low amplitude high frequency stimulation suppressed relay of 
pathological BG oscillations. However, excessively high amplitude 
high frequency stimulation blocked relay of excitatory cortical 
inputs. Together, this gave rise to a parameter window, where relay 
of low frequency oscillatory BG input is suppressed and relay of 
excitatory cortical input is preserved. 

Parameters used during Deep Brain Stimulation 

As an extension to the theoretical models, in chapter 4, we 
investigated whether theoretical observations made regarding DBS 
parameter dependency of thalamocortical function can be 
reproduced experimentally. To this end, we used an in-vitro rat 
thalamic slice preparation to investigate how low frequency (LF, 2-6 
Hz) and high frequency (HF, 30-130 Hz) sinusoidal current 
injections modulate the membrane dynamics of TCR neurons. We 
observe that LF sinusoidal current injection induces phase related 
firing. Amplitude of the LF input determines phase of TCR spiking. 
Superimposing a HF sinusoidal input, initially delays spiking activity 
phase locked to the LF component. Increasing the amplitude of the 
HF component gives rise to action potential generation at sub-
harmonics of the LF input and further increasing the amplitude of 
the HF component, completely suppresses spiking activity. 
Application of a pulse-train, phase locked to the LF sinusoidal input, 
modulates the response of TCR neurons in a similar fashion. Overall 
effect of the phase-locked pulse-train is dependent on at which 
phase of the LF sinusoidal input the pulse train is applied and 
amplitude of the LF input. 

Deep Brain Stimulation and target localization 

Micro electrode recording (MER) along surgical trajectories is 
commonly applied for refinement of the target location during DBS 
surgery. In chapter 5, we utilize automatically detected MER 
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features in order to locate the STN, employing an unsupervised 
algorithm. The automated algorithm makes use of background noise 
level, compound firing rate and power spectral density along the 
trajectory and applies a threshold based method to detect the dorsal 
and the ventral borders of the STN. Depending on the combination 
of measures used for detection of the borders, the algorithm 
allocates confidence levels for the annotation made (i.e. high, 
medium and low). The algorithm has been applied to 258 
trajectories obtained from 84 STN DBS implantations. MERs used in 
this study have not been pre-selected or pre-processed and include 
all the viable measurements made. Out of 258 trajectories, 239 
trajectories were annotated by the surgical team as containing the 
STN versus 238 trajectories by the automated algorithm. The 
agreement level between the automatic annotations and the 
surgical annotations is 88%. Taking the surgical annotations as the 
golden standard, across all trajectories, the algorithm made true 
positive annotations in 231 trajectories, true negative annotations 
in 12 trajectories, false positive annotations in 7 trajectories and 
false negative annotations in 8 trajectories. We conclude that our 
algorithm is accurate and reliable in automatically identifying the 
STN and locating the dorsal and ventral borders of the nucleus; and 
in a near future could be implemented for on-line intra-operative 
use. 

Merging neuronal recordings with theoretical models 

Modulatory effect of dopaminergic treatment during PD on the 
network dynamics and properties of the basal ganglia-
thalamocortical loop remains unknown. In chapter 6, we employ 
dynamic causal modeling to study the physiological causes 
underlying the differences observed in cortical evoked potentials 
(cEPs) arising from administration of Levodopa. We use neural 
mass models to characterize nuclei making up the basal ganglia-
thalamocortical loop, preserving the type of projection neurons and 
projection types (i.e. Glutamatergic, GABAergic) and estimate the 
parameters that determine the underlying neural dynamics, using 
the cEPs and the network architecture of the basal ganglia-
thalamocortical loop. Three variants of the model, which differ with 
respect to connections that are allowed to exhibit off-on dopamine-
specific changes, are compared using Bayesian Model Comparison. 
This comparison was used to establish which connectivity changes 
within the basal ganglia-thalamocortical loop best explain the 
differences in the cEPs arising from administration of Levodopa.  
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Nederlandse Samenvatting 

Diepe Hersen Stimulatie (DHS) is een geaccepteerde vorm van 
therapie voor het verminderen van motorsymptomen bij de ziekte 
van Parkinson. DHS is gebaseerd op de hoogfrequente toediening 
van elektrische pulsjes aan specifieke gebieden in het brein. Zij 
wordt bij voorkeur toegepast wanneer andere vormen van therapie, 
zoals medicatie, zijn uitgeput. De acceptatie van DHS is gebaseerd 
op het overtuigende klinisch succesvolle resultaat dat deze vorm 
van therapie levert, maar staat in scherpe tegenstelling tot het 
beperkte begrip van het werkingsmechanisme achter DHS. 
Theoretisch en experimenteel onderzoek op zowel het niveau van 
de enkele cel als op het niveau van populaties van cellen vergroten 
ons inzicht over het mechanisme achter DHS steeds meer.  

In dit proefschrift gebruiken we computermodellen om hypotheses 
over het mechanisme achter DHS en de efficiëntie van 
hoogfrequente stimulatie te toetsen. Bovendien gebruiken we 
elektrofysiologische metingen op celniveau om de geldigheid van de 
waarnemingen in deze modellen te testen. We analyseren 
hersenactiviteitmetingen van patiënten met de ziekte van Parkinson 
voor het gebruik in een theoretisch model op het niveau van 
betrokken hersennetwerken. Dit model wordt toegepast om 
mogelijke neuronale mechanismen die ten grondslag liggen aan 
verschillen in de waarnemingen die verkregen zijn onder 
verschillende experimentele omstandigheden af te leiden. Tenslotte 
analyseren we experimentele waarnemingen in patiënten die zijn 
verkregen tijdens DHS operaties en beoordelen we welke 
eigenschappen van de gemeten elektrofysiologische signalen 
selectief zijn voor de hersengebieden van belang voor de DHS 
therapie. 

Het gebruik van theoretische modellen om het mechanisme achter 
Diepe Hersen Stimulatie te bestuderen 

In hoofdstuk 2 hebben we het volgende onderzocht: 1) De 
functionele rol van gecorreleerde activiteit van de basale ganglia, 
die geassocieerd wordt met de motorsymptomen bij de ziekte van 
Parkinson. Dit hebben we gedaan door de effecten van de frequentie 
en synchronisatie van vuursalvo’s van het globus pallidus internum 
(GPi) op een thalamocorticaal relay (TCR) neuron dat GABAerge 
projecties van deze kern ontving te onderzoeken. 2) De effecten van 
DHS in de nucleus subthalamicus (STN) op de respons van een TCR-
neuron op gesynchroniseerde GPi oscillaties. 3) De functionele basis 
van de inverse relatie die tussen de DHS stimulusfrequentie en de 
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stimulusamplitude benodigd om de motorsymptomen van de ziekte 
van Parkinson te verlichten gevonden is (Benabid et al., Lancet, 337, 
403-406, 1991). 

Het TCR-neuron reageerde alleen op en gaf alleen signalen door van 
gesynchroniseerde GPi projecties die activiteit vertoonden in een 
frequentiegebied van 2-25 Hz. De frequentieselectiviteit van het 
TCR-neuron wordt bepaald door een calciumstroom met een lage 
drempelwaarde en door de passieve membraaneigenschappen van 
het neuron. DHS in de STN voorkwam dat het TCR-neuron deze 
gesynchroniseerde GPi oscillaties kon doorgeven naar de cortex. 
Ons model laat zien dat DHS de neuronale uitgangssignalen van de 
basale ganglia zodanig verandert dat de frequentieselectiviteit van 
het TCR-neuron vermindert. Dit geeft een theoretische verklaring 
voor de klinisch waargenomen inverse relatie tussen de DHS 
frequentie en de amplitude van de stimulus.  

In hoofdstuk 3 hebben we de membraaneigenschappen van een 
TCR-neuron onderzocht met behulp van numerieke 
bifurcatieanalyse. We hebben waargenomen dat een TCR-neuron 
bistabiliteit vertoont, dat wil zeggen: niet-vurend of subdrempel 
oscillaties en terugspring vuurpatronen met een constante fase ten 
opzichte van de frequentie van vuursalvo’s van de presynaptische 
GPi-neuronen. Het TCR-neuronmodel is ook gebruikt om mogelijke 
mechanismen die ten grondslag liggen aan het bestaan van een 
klinisch waargenomen beperkt gebied waarin stimulatie effectief is 
te onderzoeken, dat wil zeggen: stimulatie met een lage amplitude 
en hoge frequentie. Om deze reden hebben we het effect van DHS-
parameters op de thalamocorticale transmissie van excitatoire 
corticale signalen en pathologische oscillaties van de basale ganglia 
bestudeerd. We hebben gevonden dat stimulatie met een lage 
amplitude en een hoge frequentie het thalamocorticale doorgeven 
van pathologische oscillaties in de basale ganglia onderdrukte. 
Echter, stimulatie met een excessief hoge frequentie blokkeerde op 
het doorgeven van excitatoire corticale signalen. Tezamen geeft dit 
aanleiding tot een beperkt parametergebied waar het doorgeven 
van laagfrequente oscillaties uit de basale ganglia wordt onderdrukt 
en het doorgeven van excitatoire corticale signalen behouden blijft. 

Parameters in Diepe Hersen Stimulatie 

Als uitbreiding op de theoretische modellen hebben we in hoofdstuk 
4 onderzocht of de theoretische waarneming wat betreft 
parameterafhankelijkheid van DHS in het functioneren van het 
thalamocorticale systeem gereproduceerd kan worden in 
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experimenten. We hebben een in vitro thalamisch plakpreparaat 
van de rat gebruikt om te onderzoeken hoe laagfrequente (LF, 2-6 
Hz) en hoogfrequente (HF, 30-130 Hz) sinusoïdale stroominjecties 
de membraandynamiek van TCR-neuronen moduleren. We vonden 
dat LF-sinusoïdale stroominjectie fasegerelateerd vuren 
veroorzaakt. De amplitude van de LF-input bepaalt de fase van het 
vuren van het TCR-neuron. Een superpositie van een HF sinusoïdale 
stroom en de LF-stroom vertraagt de vuuractiviteit met een 
constante fase ten opzichte van de LF-component in eerste instantie. 
Het vergroten van de amplitude van de HF-component leidt tot het 
genereren van actiepotentialen met subharmonische frequenties 
ten opzichte van de LF-injectie. Het verder vergroten van de 
amplitude van de HF-component leidt ten slotte tot een volledige 
blokkade van de vuuractiviteit. Het toevoegen van een pulstrein met 
een constante fase in superpositie met de LF sinusoïdale stroom 
moduleert de respons van TCR-neuronen op een soortgelijke 
manier. Het globale effect van de pulstrein met constante fase hangt 
af van bij welke fase van de LF sinusoïdale input de pulstrein wordt 
opgeteld en van de amplitude van de LF-input. 

Diepe Hersen Stimulatie en doelgebied localisatie 

Extracellulaire micro-elektrode metingen van hersenactiviteit langs 
het chirurgisch implantatiepad wordt algemeen toegepast om het 
bepalen van de juiste doelgebiedlocatie te verfijnen tijdens 
operaties voor DHS. In hoofdstuk 5 gebruiken we de automatisch 
gedetecteerde micro-elektrode signaaleigenschappen om de 
nucleus STN te lokaliseren met behulp van een niet-gesuperviseerde 
algoritme. Dit automatische algoritme maakt gebruik van het niveau 
van de achtergrondruis, de samengestelde vuurfrequentie en de 
spectrale vermogensdichtheid langs het pad en gebruikt een 
detectiemethode met individuele drempelwaardes voor de 
verschillende parameters om de dorsale en ventrale grenzen van de 
STN te bepalen. Het algoritme wijst betrouwbaarheidsniveaus 
(hoog, midden en laag) toe aan de gemaakte toewijzing afhankelijk 
van de combinatie van de metingen die gebruikt zijn voor het 
bepalen van de grenzen van de STN. Het algoritme is toegepast op 
metingen gemaakt langs 258 paden verkregen tijdens 84 STN-DHS 
implantatieprocedures. De ruwe data die gebruikt zijn in deze 
studie zijn niet voorgeselecteerd of voorbehandeld en omvatten alle 
levensvatbare metingen. Van de 258 paden zijn er 239 die de STN 
bevatten zoals aangewezen door het chirurgisch team, versus 238 
paden door het automatische algoritme. Het 
overeenstemmingniveau tussen de toewijzingen is 88%. Als je de 
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chirurgisch bepaalde toewijzingen als de gouden standaard neemt 
over alle paden, dan maakte het algoritme correct positieve 
toewijzingen in 231 paden, correct negatieve toewijzingen in 12 
paden, incorrect positieve toewijzingen in 7 paden en incorrect 
negatieve toewijzingen in 8 paden. We kunnen hieruit concluderen 
dat het algoritme nauwkeurig en betrouwbaar is in het automatisch 
vinden van de STN en het bepalen van de dorsale en ventrale 
grenzen van de kern. In de nabije toekomst zou dit algoritme 
kunnen worden geïmplementeerd om online toe te passen voor de 
detectie van de STN tijdens DHS operaties.  

Het samenvoegen van neuronale waarnemingen met theoretische 
modellen 

Het modulerende effect van de behandeling met dopamine bij de 
ziekte van Parkinson op de netwerkdynamiek en de eigenschappen 
van de lus tussen de basale ganglia en het thalamocorticale systeem 
is nog steeds niet bekend. In hoofdstuk 6 gebruiken we dynamische 
causale modellen om de fysiologische oorzaken van veranderingen 
in corticale geëvoqueerde potentialen (cEP) als gevolg van het 
toedienen van Levodopa te bestuderen. We gebruiken neuronale 
massamodellen om kernen die de lus tussen de basale ganglia en het 
thalamocorticale systeem vormen te  karakteriseren, waarbij we het 
type projectieneuronen en projectietypen behouden (dat wil 
zeggen: glutamaterg, GABAerg). We schatten de parameters die ten 
grondslag liggen aan neuronale dynamiek door gebruik te maken 
van de de cEP en de netwerkarchitectuur van de lus tussen de 
basale ganglia en het thalamocorticale systeem. Drie varianten van 
het model, die van elkaar verschillen wat betreft de verbindingen 
die worden toegestaan om zogenaamde ‘uit-aan dopamine-
specifieke veranderingen’ te vertonen, worden vergeleken met 
behulp van Bayesiaanse modelvergelijking. Deze vergelijking wordt 
gebruikt om vast te stellen welke verbindingsveranderingen in de 
lus tussen de basale ganglia en het thalamocorticale systeem de 
beste verklaring vormt voor de verschillen in de cEP als gevolg van 
het toedienen van Levodopa. Wij hebben gefocusseerd op modellen 
die deze dopamine-specifieke veranderingen van verbindingen 
binnen de basale ganglia, in verbindingen met de cortex, of 
beide,beperken. 
 

 
 



 225 

Curriculum Vitae 

Hayriye Çağnan was born on 22nd

  

 of June 1984 in Nicosia, Cyprus. 
She studied Electrical and Electronics Engineering at Cornell 
University and specialized in Telecommunications and Biomedical 
Engineering (2000-2004). She completed her Master of Science 
degree in Engineering and Physical Science in Medicine at Imperial 
College in 2005. In 2006, she started working as a graduate student 
at Philips Research. Work presented in this thesis was carried out 
jointly at Philips Research and University of Amsterdam, under the 
supervision of Dr. Hubert C.F. Martens and Prof. Wytse Wadman. In 
October 2010, Hayriye Çağnan started working as a postdoctoral 
research assistant at the Clinical Motor Physiology Laboratory at 
Oxford University. 



 



 227 

Acknowledgements 

First of all, I would like to thank Prof. Wytse Wadman, my promotor, 
for his help and guidance for the last four years. I have first met 
Wytse during an Introduction to Neuroscience course that he gave 
at Philips Research to acquaint us engineers with wonders of 
biology. Following the course, I showed Wytse first “results” from 
my PhD (none of which are actually included in this thesis), and 
things which simply did not make sense for months started making 
sense all of a sudden after speaking with him for five minutes. This 
trend continued for the rest of my PhD. Whenever I was frustrated 
with my research and felt that I would simply finish my thesis when 
my grandchildren were graduating from university, Wytse was 
there to encourage me and made me realize that I am not the first 
PhD student to think this way. Thank you Wytse, for all your 
patience, and effort and time you have put into this thesis! 

I would also like to thank Dr. Hubert Martens, my co-promotor and 
daily supervisor at Philips Research. From the first day I arrived at 
Philips Research until the very end of this journey, Hubert has 
dedicated an immense amount of time and effort into the research 
presented in this thesis. Every time I would hit a speed bump in my 
research, Hubert offered help to avert all the crises. I also cannot 
thank Hubert enough for giving me the freedom to research 
whatever came to my mind, which evidently gave rise to numerous 
thesis outlines that had little to do with each other. Nonetheless, 
looking back in time, trying to figure out the way through piles and 
piles of literature (and for those of you who have actually seen my 
desk, would know that this is a literal description of the situation), 
has been the most rewarding part of this journey. 

Dr. Ciska Heida, Dr. Hil Meijer, Dr. Martin Krupa and Prof. Stephan 
van Gils have been involved with this thesis from the beginning. I 
would like to thank each and every one of them for all their help and 
for taking the time to teach me valuable analysis techniques such as 
numerical bifurcation analysis.   

My trip to the experimental side of neuroscience has been one of the 
most memorable experiences of this thesis. Chapter 4 would not 
have been possible without Dr. Pascal Chameau. Working with 
Pascal has made me appreciate even more the amount of effort that 
goes into experimental recordings.  

I would like to thank Dr. Lo Bour for providing the micro-electrode 
recordings used in chapter 5 and for fruitful discussions on 
recording and signal processing techniques, and Dr. Maria Fiorella 



 228 

Contarino for providing valuable comments on the manuscript. 
Without the hard work of Xuan He and help and guidance of Dr. 
Kevin Dolan, the algorithm presented in chapter 5 would have never 
been realized.  

I would also like to thank Prof. Peter Brown for hosting me at his lab 
and for generously making time for discussions and Dr. Alex 
Eusebio for providing the recordings used in chapter 6. Additionally, 
I would like to thank Prof. Karl Friston for supervising and editing 
the manuscript on dynamic causal modelling and Dr. Vladimir 
Litvak and Dr. Rosalyn Moran for patiently answering all my 
questions. 

I would also like to thank Prof. Michel Decré for stimulating 
discussions, Dr. Christopher Busch for his feedback and support, 
and our department secretary, Wilma Goldstein, for helping me out 
patiently with many administrative issues. Additionally, I cannot 
thank Fleur Zeldenrust enough for her help with the Samenvatting 
segment of this thesis.  

I have been a nomad for most of my life and fortunate enough to 
meet incredible people along the way, who have always been there 
for me, and made me feel at “home” no matter where I was. Andrea 
Ranzoni, Anthonis Zagaris, Dimitrios Rogalas, Giorgos Karandinos, 
Kurtuluş Öner, Marco Veneroni, Maryam Atakhorrami, Melina 
Apostolidou, Mine Balman, Neera Patel, Ola Jabali, Sima Asvadi, and 
Thirukumaran Kanagasabapathi, I cannot thank you all enough for 
your friendship, support, and encouragement. I am truly privileged 
to have met each and every one of you and to have you as friends in 
my life! 

And last but not least, I would like to thank my family! My parents, 
Ahmet and Sevim Çağnan, thank you for your unconditional love 
and never ending support, and for cheering me on through every 
single phase of my life. I would not be where I am today without 
your support! I learned a lot from your stance in life and feel very 
proud and lucky to be your daughter. And, my sister, Zehra Çağnan, 
many thanks for being my best friend and my safety net. I am 
incredibly lucky to have you as a big sister to look up to! 

 



  



 


	Thesis-HayriyeCagnan
	Thesis-Chapter1
	Thesis-Chapter2
	Thesis-Chapter3
	Thesis-Chapter4
	Abstract
	In this experimental study, we use an in-vitro rat thalamic slice preparation to investigate how low frequency (LF, 2-6 Hz) and high frequency (HF, 30-130 Hz) sinusoidal current injections modulate the membrane dynamics of thalamocortical relay (TCR) ...
	4.1 Introduction
	4.3.1 Thalamocortical relay neurons
	/
	In the thalamic slice, TCR neurons can be recognized based on their location and their specific stellate morphology (Fig. 1A). Most of the neurons that we recorded were filled with biocytin so that this specific morphology could afterwards be confirme...
	After characterization in voltage-clamp, the recording was switched to current-clamp mode for the remaining part of the experiment. Stepwise depolarization evoked repetitive firing and often induced burst events characteristic for TCR cells (Fig. 1 B1...
	4.3.2 Sinusoidal current input at 2-6 Hz
	Following this elementary characterization, each TCR neuron was subjected to hyperpolarizing sinusoidal current injection at 2 Hz (Fig. 2A) that lasted for 5 seconds.
	/
	4.4 Discussion

	Thesis-Chapter5
	Thesis-Chapter6
	Thesis-Chapter7
	Thesis-HayriyeCagnan-end2
	As an extension to the theoretical models, in chapter 4, we investigated whether theoretical observations made regarding DBS parameter dependency of thalamocortical function can be reproduced experimentally. To this end, we used an in-vitro rat thalam...

	Thesis-endend



