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If the human brain were so simple that we could
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Frank A. Clark



Acknowledgement

First and foremost, I would like to express my sincere gratitude to Prof. Dr.

van Rienen for her profound support and supervision throughout my doctoral

studies and to Prof. Dr. Horn for his expert guidance in the medical aspects of

my research. Furthermore, I would like to thank my colleagues Andrea Andree

and Ningfei Li, who were always eager to help me. I am deeply thankful to my

mother Marina Butenko, who was supportive at each step of my life journey.





Abstract

Over the past years, deep brain stimulation (DBS) has become an es-
tablished treatment for Parkinson’s disease. Although standards of care
were formulated, they require extensive and often unpleasant stimula-
tion tuning, which still does not guarantee the possible highest symptom
alleviation and absence of side-effects. To tackle this issue and establish
new efficient stimulation protocols, researchers need to gain a better
understanding of the DBS action mechanism. The research inevitably
involves invasive procedures and is thus supported by animal studies,
including primate models due to the similar brain anatomy as well as ro-
dent models due to relatively low costs and simple animal management.
At the same time, hypotheses on the mechanism can be pre-tested with
in silico, primarily computational studies. Furthermore, these studies
are able to assess whether differences in anatomy and DBS technology
for humans and animals lead to significant distinctions of the induced
neuromodulation or the pattern is reproducible.

This thesis starts with a description of computational methods imple-
mented to simulate DBS effects on neural tissue, with a particular
emphasis on accurate and efficient electric field modeling. Different
aspects of modeling are then discussed in the context of clinical rel-
evance. Additionally, challenges pertinent to rodent DBS studies are
highlighted. Afterward, the presented methods are applied to investi-
gate possible DBS mechanisms in Parkinson’s disease for human and
rodent treatment. Three distinct though not contradictory paradigms
on neuromodulation are analyzed: local stimulation of nuclei, pathway
activation in white matter fibers, and tuning of the basal ganglia cir-
cuit. For the local effects, such aspects as the electrode selection and its
implantation precision are discussed, as well as the extent of the DBS-
induced neural activation in nuclei. The impact of pathway activation
is examined in the context of correlation with clinical outcome, as well
as theoretical disruption of the pathological activity in a human basal
ganglia-thalamo-cortical network. At last, the reproducibility of the
pathway activation patterns, considered beneficial in these analyses, is
estimated for the rat model, taking into account uncertainties in brain
tissue conductivity.

The presented results support the hypothesis that the primary mecha-
nism of neuromodulation in DBS is axonal rather than somatic recruit-
ment. The outcome of in silico optimization for pathway activation
in a realistic volume conductor model indicates that stimulation of the
rat subthalamic nucleus can simultaneously recruit beneficial and avoid
detrimental tracts. However, the reproducibility of the theoretically
optimal activation profiles is limited. The thesis also provides insight
into biophysical and computational problems that should be addressed
in order to optimize animal studies and avoid possible misconceptions
when transferring experimental findings to clinical trials.





Zusammenfassung

In den letzten Jahrzehnten hat sich die Tiefe Hirnstimulation (THS)
in der Behandlung des Morbus Parkinson bewährt. Die Einstellung der
Stimulationsparameter erfolgt nach einem Standardverfahren, welches
umfangreich ist und unangenehme Stimulationsoptionen enthält, welche
dennoch nicht immer die bestmögliche Symptomlinderung und Vorbeu-
gung von Nebenwirkungen garantiert. Um dieses Problem zu beseitigen,
sowie um neue, effiziente Stimulationsprotokolle zu etablieren benötigen
Wissenschaftler ein besseres Verständnis des THS-Wirkmechanismus.
Für die Forschung sind invasive Prozeduren unvermeidlich, weshalb zu-
meist Tierstudien durchgeführt werden. Aufgrund der vergleichbaren
Gehirnanatomie beinhalten diese häufig Primaten, außerdem werden
wegen der einfachen Tierhaltung und der geringen Kosten auch Nage-
tiermodelle genutzt. Zusätzlich können Hypothesen mit in silico Studi-
en getestet werden. Diese können einschätzen, ob Unterschiede in der
Anatomie und der THS-Technologie zwischen Menschen und Tieren zu
signifikanten Unterschieden in der induzierten Neuromodulation führen,
oder ob die Muster reproduzierbar sind.

Diese Arbeit beginnt mit einer Beschreibung der Berechnungsmethoden
die zur Simulation von THS-Effekten auf Nervengewebe implementiert
sind, mit Fokus auf die akkurate und effiziente Modellierung elektri-
scher Felder. Anschließend werden verschiedene Aspekte des Modellie-
rens im Kontext ihrer klinischen Relevanz diskutiert. Weiterhin werden
die Herausforderungen bezüglich THS Studien in Nagetieren hervorge-
hoben. Im darauffolgenden Teil werden die vorgestellten Methoden zur
Untersuchung möglicher THS-Mechanismen in Morbus Parkinson so-
wohl für die Behandlung von Menschen als auch für Nagetiere angewen-
det. Drei unterschiedliche, jedoch nicht widersprüchliche Paradigmen
der Neuromodulation werden analysiert: lokale Stimulation der Nuclei,
Nervenbahnaktivierung in der weißen Substanz und Regelung des Kreis-
laufs der Basalganglien. Für lokale Effekte werden Aspekte wie die Elek-
trodenauswahl und die Implantationspräzision, sowie das Ausmaß der
THS-induzierten neuronalen Aktivität in Nuclei diskutiert. Der Einfluss
von Nervenbahnaktivierungen wird in Korrelation mit klinischen Daten,
sowie als theoretisch angenommene Unterbrechung der pathologischen
Aktivität im menschlichen Gehirnnetzwerk von Basalganglien, Thala-
mus und Kortex betrachtet. Abschließend wird die Reproduzierbarkeit
der Nervenbahnaktivierung, welche in dieser Analyse als vorteilhaft er-
achtet wird, für Rattenmodelle evaluiert, wobei Unsicherheiten in der
Leitfähigkeit des Gehirngewebes berücksichtigt werden.

Die präsentierten Ergebnisse unterstützen die Hypothese, dass der direk-
te Mechanismus der Neuromodulation in THS am ehesten aus axonaler
als aus somatischer Aktivierung besteht. Ergebnisse der in silico Opti-
mierung für die Nervenbahnaktivierung in einem realistischen Volumen-
leitermodell weist darauf hin, dass eine Stimulation des Subthalamischen



Nucleus eine simultane Aktivierung vorteilhafter Nervenbahnen auslö-
sen kann und nachteilige Pfade vermeidet. Darüber hinaus liefert die
Arbeit Einblicke in biophysikalische und numerische Probleme, welche
adressiert werden sollten, um Tierstudien zu optimieren und um mög-
liche Missverständnisse beim Transfer von experimentellen Ergebnissen
in klinische Studien zu vermeiden.
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Chapter 1

Introduction

1.1 Parkinson’s disease pathophysiology and

treatment approaches

Parkinson’s disease (PD) is a neurological disorder with a wide range of both
motor and non-motor symptoms. The former include akinesia (inability to
initiate a movement), bradykinesia (slowness of movement), rigidity, rest-
ing tremor, postural instability and dysarthria (failure of muscles involved
in speech production). Possible non-motor symptoms include depression, psy-
chosis, apathy, sleep disturbance, etc. PD manifests in a progressive neurode-
generation and predominantly affects the elderly population with about 1%
occurrence over the age of 60 years and 5% over the age of 85 years. The
prevalence of PD is only surpassed by Alzheimer’s disease, and the impact of
the disorder becomes increasingly apparent in the ever aging Western society.

While different pathophysiological models of PD were proposed [1], none of
them can completely integrate experimental and clinical observations. In this
section I will only provide a general description, while a more detailed discus-
sion follows in Chapter 4. In the basal ganglia (Fig. 1.1), the pathology arises
from the death of dopaminergic cells in the substantia nigra pars compacta
(SNc). The cause of death is not yet determined, thus complicating a devel-
opment of preventive therapies. The reduced dopamine supply of the striatum
causes an imbalance of its activity leading to a disinhibition of the subtantia
nigra pars reticulata (SNr) and the internal segment of the globus pallidus
(GPi) (see Fig. 1.2) via the direct pathway (cortex–striatum–GPi/SNr), while
the external segment (GPe) is redundantly inhibited via the indirect pathway
(cortex–striatum–GPe–GPi/SNr). In turn, the more active GPi and SNr sup-
press the activity in the ventral anterior thalamus, reducing its input to the
motor cortical regions. At the same time, the suppressed GPe releases activity

1
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rate implantation and a clinically effective choice of the stimulating contacts,
can alleviate most of the motor symptoms. At the same time, reports on cog-
nitive improvement are inconsistent, with evidence of depressive or mania-like
behavior and even suicidal tendencies [15, 16, 17, 18]. Furthermore, there is
the problem of poor responders1, i.e. patients whose improvement with DBS
is insignificant when taking into account the surgery risks and other complica-
tions. In addition, our knowledge of the therapeutic mechanism of DBS in PD
remains limited, and a deeper insight might promote the emergence of more
effective and efficient DBS protocols. Apart from the aforementioned issues,
the protocols are expected to reduce the manual optimization period of the
stimulation, when multiple clinical visits and unpleasant current tuning are
required. The efficiency of the treatment is also important for the battery life:
its surgical replacement is one of the main concerns for PD patients.

The application of DBS is not only limited to PD. It has been demonstrated
that the stimulation of the GPi is effective against symptoms of dystonia, while
essential tremor is substantially suppressed by DBS of the ventral intermediate
thalamus or the zona incerta. For obsessive-compulsive disorder, a general im-
provement is observed when stimulating the nucleus accumbens or the ventral
capsule/ventral striatum. DBS of the centromedian-parafascicular-thalamic
complex reduces motor tics of Tourette’s syndrome, and in patients with Hunt-
ington’s Disease pallidal stimulation was shown to suppress chorea. Lastly,
preliminary studies demonstrate a certain success of DBS as an Alzheimer’s
Disease treatment.

1.2 General notion of DBS mechanism in

Parkinson’s disease

In clinics, a conventional DBS signal is a 30–90 µs rectangular pulse with a
repetition rate of 90–185 Hz. To ensure a capacitive nature of the stimulat-
ing current2, highly polarizable platinum/iridium electrodes are employed [19].
The current generates a relatively strong extracellular electric field that depo-
larizes membranes of neural tissue. If the depolarization is high, it might
induce activation of voltage-gated ion channels that in turn will generate an
action potential, also known as "spike". In this event, we will consider a neuron
to be "activated". For more details on the action potential initiation, please
refer to Chapter 2.

1One of the criteria for DBS patient selection is a history of successful levodopa treatment
(33% improvement) to exclude candidates with atypical PD that is not DBS responsive.

2Resistive current would arise from electrochemical reactions on the electrode surface,
affecting its integrity and possibly leading to additional tissue damage.
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Certainly, the mean endogenous activation, i.e. the activation triggered by
cell-to-cell communication, is reduced when the nucleus is lesioned. This leads
to a disruption of the abnormal synchronization in the basal ganglia and is
thought to be the mechanism of symptom alleviation. The effectiveness of
STN lesioning in the disrupting can be also explained by the high density
of various neural pathways in the vicinity of the nucleus. These pathways
provide a structural connectivity of different areas and are not limited to the
basal ganglia. Therefore, lesioning might induce neurological changes beyond
disruptions of the local circuitry. For STN-DBS, a lower activity measured
in the nucleus was the initial evidence of a similar mechanism involved in the
therapeutic effect. The inhibition would arise not from the mechanical damage,
but due to the stimulation of GABAergic (inhibitory) afferents, projecting
primarily from the GPe, and the decreased activity of the STN would lead
to a reduction of the pathological bursting. However, the ability of STN-
DBS to suppress the bursts was challenged [20]. It was also demonstrated
that efferents of the STN to the GPi and GPe roughly follow the DBS signal,
increasing activity in these nuclei [21, 22], and therefore the mechanism had
to be reconsidered. Warren Grill proposed a concept of "informational lesion",
where the disruption occurs not via the elimination of pathological oscillations
in the STN, but by overwriting it with a regular non-physiological pattern that
does not convey information content [23]. The overwriting occurs not only
by filtering in the refractory period, which follows a spike and temporarily
prevents further firing, but also due to synaptic depression and depletion of
neurotransmitters. It was observed that STN-DBS modulates neural activity
in the whole basal ganglia (see Fig. 1.3) and certain regions of the thalamus
and the neocortex, driving it to a new functional state, which is distinct from
the healthy condition. In the context of brain pathways, the stimulation of
motor-related corticosubthalamic fibers has a significant correlation with the
clinical outcome [24]. These fibers mainly innervate the dorso-lateral portion
of the STN that was shown to be effective in alleviating of motor symptoms.
Curiously, the corticosubthalamic afferents emerge from the corticofugal tract,
which stimulation a contrario must be avoided as it induces motor contractions
and dysarthria. For tremor-dominant PD, it was observed that the stimulation
of the cerebellothalamic pathway correlates with the improvement [25].

An alternative target in PD treatment is the GPi. While its stimulation is
not accompanied by a reduction of the levodopa intake, which is the case for
STN-DBS, it shows a moderately higher effect on the cognitive symptoms.
Therefore, GPi-DBS is usually recommended for patients suffering from mood
disorders, such as depression and anxiety. The mood fluctuations, reported in
some studies on STN-DBS, might originate from the stimulation of pathways
projecting to the ventral tegmental area, implicated in the reward circuitry
of the brain. In the basal ganglia, the DBS-induced modulations are similar
for the STN and the GPi since afferents of the latter from the STN and the
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activity by shifting the network into a new state that is stabilized by downreg-
ulated synaptic connectivity. In pilot studies, coordinated reset stimulation
was shown to provide lasting effects on the motor symptoms with reduced
power consumption [26, 27].

Yet, conventional DBS was also shown to affect synaptic plasticity. In rodents,
a stimulation induced short and long-term depression of STN neurons was re-
ported [28], while in humans a long-term potentiation in the motor cortex was
observed for patients treated with both DBS and levodopa. Nevertheless, the
direct involvement of synaptic plasticity in the therapeutic effect is not yet
established, though indirect evidence, such as the minute latency of bradyki-
nesia relief, implies the relevance of this mechanism. Besides, DBS facilitates
various neurochemical changes. For example, some studies in rats and non-
human primates reported an increase in dopamine levels [29, 30], despite a low
excitability of dopaminergic projections by extracellular fields. Furthermore,
the electrical stimulation might also affect non-neural tissue, in particular, as-
trocytes that alter the release of neurotransmitters. Taking these factors into
consideration, a profound neurological reorganization can be assumed. Func-
tional magnetic resonance imaging (fMRI) shows that STN-DBS does not only
decouple the nucleus from its afferents, but also increases activity in the thala-
mocortical and the direct pathways, while in rats a one–hour stimulation was
shown to strengthen corticostriatal connectivity [31]. Furthermore, neuropro-
tective properties of DBS were observed in both rats and non-human primates,
where stimulation led to reduced losses of nigral neurons.

Although desirable, the simultaneous modeling of all these mechanisms is still
out of reach for the modern computational science3. In this thesis, we will
mainly focus on the immediate effect of DBS on neural tissue, though the
modulation of the network activity will be also discussed in Chapter 4.

1.2.1 Non-human primate PD model

Unquestionably, non-human primates have the closest brain anatomy and
physiology to humans. Though this factor raises ethical concerns, such an-
imal models inherently offer the best translatability to clinical applications,
concerning both efficiency and safety. A major step in the development of
primate PD models was the discovery of the toxin 1-methyl-4-phenyl-1,2,3,6-
tetrahydropyridine (MPTP). Initially synthesized as a recreational drug, it
produced PD-like symptoms in users and thus drew medical attention. Mon-
keys treated with MPTP "demonstrated most all of the cardinal motor signs
of PD except for tremor, including bradykinesia/akinesia, rigidity, gait and

3Nevertheless, attempts are being made, for example, see the Human Brain Project
https://www.humanbrainproject.eu/en/.
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postural imbalance, freezing, and dyskinesia when given L-dopa" [13]. The
experiments in non-human primates concluded that the treatment reproduces
a pathological and biochemical state similar to parkinsonism [32, 33], thus al-
lowing researchers to improve their understanding of PD with invasive electro-
physiological recordings. Furthermore, the MPTP model provided an insight
into the DBS mechanism. A major discovery was that STN-DBS leads to an
increase in the mean firing rates of the GPe and GPi [21], which contradicts
the lesioning hypothesis. Therefore, the DBS community gradually shifted its
interest to the modulation of the network activity via DBS-induced pathway
activation. Despite the clear advantages of non-human primate models, their
employment is obstructed by relatively high costs and complex regulations of
animal welfare, especially in the European Union. Moreover, non-professional
criticism and public opposition, including that beyond legal boundaries [34],
discourages researchers from conducting this kind of experiments and provokes
the exodus to less-regulated states [35, 36].

1.2.2 Rodent PD model

Small body dimensions, low costs, high reproduction rates, ensuring low inter-
individual variability, and the comparability to the human brain-to-body mass
ratio make rodent models attractive for in vivo and ex vivo experiments. Mice
are by far the most widely employed in animal research with a variety of
transgenic models, including specifically developed for studying the PD pathol-
ogy [37]. Furthermore, some mice strains were shown to be MPTP-sensitive,
which is not the case for rats and hamsters [38]. However, DBS in mice is highly
problematic due to the miniature dimensions, and a long-term full implanta-
tion has not been conducted yet4. In contrast, recent advances in hardware
allowed a long-term implantation of the whole stimulating system in rats [40],
thus permitting a study of DBS effects in freely moving animals. To imi-
tate the parkinsonian pathology, a 6-hydroxydopamine (6-OHDA) injection
is commonly applied. It induces a degeneration of dopaminergic neurons of
the nigro-striatal tract and leads to a similar biochemical state and partial re-
semblance to the behavioral phenotype [41]. The reciprocal translatability of
certain findings was demonstrated for 6-OHDA-treated rats and primate PD
models, though there were also reports on failed translations [42].

In DBS studies employing rat PD models, the STN is the most common target.
However, intentional targeting of specific STN subregions is not pursued due to
relatively large stimulating electrodes and limited precision of implantations.
Furthermore, dendrites and collaterals of the STN neurons extend over the

4In [39], a 30 days continuous stimulation with a fully implanted stimulator was re-
ported. However, it was demonstrated in silico with a 1 kOhm resistor, which corresponds
to impedances measured in human DBS, but not in rodents.







Chapter 2

Computational Methods for

Deep Brain Stimulation: From

Medical Imaging to Neural

Activation

Before we further examine the DBS-induced modulation of neural activity in
PD, it is necessary to introduce computational methods to evaluate the gen-
erated electric field and its impact on neural tissue. Note that these methods
are not restricted to PD, or even DBS, as they follow general principles of
physics and biophysics. In this chapter, we will also discuss the relevance of
model complexity in theoretical and clinical studies, and highlight challenges
pertinent to rodent DBS modeling. Finally, I will present an open-source sim-
ulation platform that is applicable for fundamental research involving complex
computational analysis, including uncertainty quantification as well as patient-
specific modeling.

2.1 DBS-induced electric field in brain tissue

Current applied through electrode contacts generates an electric field while
passing over the brain tissue. In this section, we discuss the underlying physi-
cal and mathematical description of the process and address issues of the cur-
rent conduction in brain, with a subsection dedicated to the electrode–tissue
interface.

11
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2.1.1 Mathematical Formulation

Four Maxwell’s equations describe the phenomenon of electromagnetic fields
in time and space. Let us consider two of them: Ampère’s and Faraday’s laws
in the corresponding differential forms [52]

∇ × H(r, t) =
∂

∂t
D(r, t) + J(r, t), (2.1)

∇ × E(r, t) = −
∂

∂t
B(r, t), (2.2)

where E(r, t) and H(r, t) denote the electric and magnetic field strengths,
D(r, t) and B(r, t) are the electric and magnetic flux densities, respectively,
and J(r, t) represents the current density. In brain tissue, the natural cur-
rent sources are negligible in comparison with DBS signals, and therefore we
consider only the conduction current J(r, t) = σ(r)E(r, t), where σ(r) is the
electrical conductivity of the material, i.e. of the brain tissue. The fluxes can
be expressed via fields with the following constitutive relations [53]:

D(r, t) = ε0E(r, t) + P(r, t), (2.3)

B(r, t) = µ0H(r, t) + µ0M(r, t), (2.4)

where ε0 and µ0 are the vacuum permittivity and permeability, respectively.
The polarization field P(r, t) and the magnetization field M(r, t) depend on
tissue properties: the relative permittivity εr(r) and the relative permeability
µr(r)

P(r, t) = ε0(εr(r) − 1)E(r, t), (2.5)

M(r, t) = (µr(r) − 1)H(r, t). (2.6)

Thus, Eq. 2.3 can be rewritten as D(r, t) = ε0εr(r)E(r, t) = ε(r)E(r, t), where
ε(r) is the permittivity of the tissue. Applying the divergence operator (∇·)
to Eq. 2.1, we utilize the vector calculus identity ∇ · (∇ × X) = 0 and write
the expression in terms of the electric field assuming no time dependence of
the tissue properties:

0 = ∇ · (ε(r)
∂

∂t
E(r, t) + σ(r)E(r, t)), (2.7)

Though explicit time modeling is possible, it significantly increases the com-
putational effort. Instead, we can represent the physical quantities it terms of
harmonic oscillations [54]:

E(r, t) = �(E(r)ejωt), (2.8)
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where j is the imaginary unit, ω = 2πf denotes the angular frequency and
E(r) = E(r)ejφ is the complex amplitude, where φ is the phase angle of the
cosine function. Here, f does not refer to the repetition rate of the DBS signal
(often around 80–200 Hz), but to a frequency of a sine wave signal, which
is extracted by decomposition of the DBS signal using a Fourier transform
(see Fig. 2.1 and Fig. 2.2). In the notation of harmonic oscillations and after
dividing both sides by ejωt, Ampère’s and Faraday’s laws are transformed to

0 = ∇·
�

(jωε(r) + σ(r))E(r)
�

, (2.9)

∇ × E(r) = −jωB(r). (2.10)

The electric field is generated by a current delivered by the DBS system that
either sets electric potentials on the electrode contacts to a fixed value or

Figure 2.1: Rectangular DBS signals with different repetition rates (left, note the
time lapse) and the magnitude of their power spectra (right). The contribution of
individual frequency components is important in the context of dispersive dielectric
properties of brain tissue.

Figure 2.2: Alternative triangular DBS signals with a 130 Hz repetition rate (left)
and the magnitude of their power spectra (right). Note that the signal depicted in
orange is cropped due to the inappropriately large time step.
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adjusts them over the pulse. So, the actual given value (or the boundary
condition, in terms of numerical methods) is for the electric potential, but not
the electric field. Furthermore, the DBS effect on neural excitation is defined
in terms of altered extracellular electric potential when solving the Hodgkin-
Huxley cable equation. Therefore, it is reasonable to reformulate the equations
above for the electric potential.

Since magnetic monopoles do not exist, the magnetic flux density is defined
as B(r) = ∇ × A(r) , where A(r) is the magnetic vector potential. Using
Eq. 2.10, we describe the electric field strength in terms of potentials

E(r) = −jωA(r) − ∇ϕ(r), (2.11)

where −∇ϕ(r) is the electrostatic component of the electric field. Note that
the inclusion of this term does not contradict Eq. 2.10 due to the vector calculus
identity ∇ × (∇X) = 0.

Computations in brain tissue can be further simplified due to criteria formu-
lated by Robert Plonsey and Dennis Heppner [55]. Firstly, we can assume that
the electric field changes instantly throughout the domain, i.e. propagation ef-
fects are absent if

ω

�

µε(1 +
σ

jωε
)Rmax � 1, (2.12)

where µ is the magnetic permeability set to that of the free space (1.257 ·
10−6 H/m) since brain tissue does not demonstrate magnetic properties. Rmax

is the largest brain dimension ≈ 180 mm. Let us consider the high frequency
case. For typical DBS signals, power spectrum components above 1 MHz are
negligibly small (see Fig. 2.1), and at this frequency the brain conductivity σ

and permittivity ε are roughly5 0.2 S/m and 4.4 ·10−9 F/m, respectively. This
estimates the propagation factor at 0.023, but one should bear in mind that
contributions of such high frequency components are not significant. For a
conventional DBS signal with a 130 Hz repetition rate, the component of this
frequency will contribute the most, and the corresponding propagation factor
is 0.0002 with σ and ε estimated as 0.13 S/m and 8.854 · 10−7 F/m.

Furthermore, Plonsey and Heppner showed that if the criterion to omit prop-
agation holds true, the inductive effect of the magnetic field can also be ne-
glected, as its criterion is just the squared value of the former. This allows to

5Details on the estimation of the dielectric tissue properties in the DBS power spectrum
will be presented in the following section.
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drop time derivatives of the magnetic field and finally obtain Laplace’s equation
for the electro-quasistatic approximation of Maxwell’s equations

−∇·
�

(σ(r) + jωε(r))∇ϕ(r)
�

= 0. (2.13)

2.1.2 Brain tissue properties

It was previously mentioned that in DBS modeling the endogenous currents in
the extracellular space of the brain are usually neglected, and the only electri-
cally active elements are the electrode and the stimulator casing, often used for
grounding. The DBS current can be supplied in two modes: voltage-controlled
and current-controlled, where the voltage driven by the stimulator is adjusted
over time to achieve the desired currents through the electrode contacts. In the
past, voltage-controlled stimulation was the standard mode, partially due to
safety issues. However, with the development of reliable stimulating systems,
the current-controlled mode gained the attention of the clinical community.
Its advantage is a compensation for the voltage drop over the electrode–tissue
interface, which will be discussed at the end of this section.

In case of PD treatment, both modes commonly employ a rectangular pulse of
30–120 µs with a repetition rate of 80–200 Hz, and the amplitude is usually
determined empirically during clinical evaluations. The pulse is followed by a
long and low amplitude train signal (see Fig. 2.3) that balances the injected
current6. Alternatively, a symmetric biphasic pulse can be used. In recent
years, novel shapes of varying complexity were proposed, e.g. triangular and
Gaussian pulses [56, 57], but these were not established across multiple clinical
facilities.

Fig. 2.4 shows the power spectrum of a 130 Hz 60 µs rectangular pulse and
the dielectric properties of brain tissue across the spectrum according to [58].
It can be noted that the tissue demonstrates a prominent electrical dispersion,
i.e. σ=σ(r, ω) and ε=ε(r, ω), and that the capacitive term of Eq. 2.13 con-
tributes considerably for the parameters given in [58]. The dispersive effect
necessitates the application of the Fourier Finite Element method (FFEM) [62]
that involves

1. computing the electric potential distribution in the frequency domain
with the corresponding values of the dielectric properties;

2. scaling the solutions with the Fourier Transform of the DBS pulse;

3. applying the Inverse Fourier Transform to obtain a solution in the time
domain.

6In this thesis, we disregard the charge balancing train assuming its negligible effect on
the neural tissue.
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Figure 2.3: Two types of charge balancing for a 130 Hz DBS signal (left) and the
magnitude of their power spectra (right). Note the shift to higher frequencies for the
biphasic symmetric pulse. The left plot also illustrates the ratio of the pulse width
to the signal period.

Figure 2.4: Dielectric properties of the main brain tissue types in the frequency
domain. The dispersive values were taken from Gabriel et al [58], but adjusted by
omitting the α-dispersion as proposed in [59] and additionally upscaled to match the
grey and white matter electrical conductivities at 50 kHz, computed as the mean
of the values reported in [58] and [60]. Left: electrical conductivity of the tissue
(CSF conductivity is not dispersive and ≈2 S/m) and the magnitude of the power
spectrum for the 130 Hz DBS signal (shown in teal on the background). Right:

relative contribution of the capacitive term in the Laplace’s equation depending on
the brain tissue. Note that the omission of the α-dispersion significantly reduces the
capacitive contribution at low frequencies.

To avoid multiple field computations in the frequency domain, different tech-
niques were proposed [61, 63], and in this thesis we employ an octave band
approximation (see Fig. 2.5) that drastically reduces the number of computa-
tions and does not require extensive preliminary estimations, while accurately
describing the dispersive behavior of brain tissue.
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α−dispersion and a scaled conductivity to match the mean of the original [58]
and [60] data at 50 kHz.

Although numerous studies neglected anisotropy when modeling DBS, its ef-
fect on the conductivity and consequently the electric field distribution has
been demonstrated to be substantial [64, 68, 69]. It is especially prominent
when modeling activation in white matter fibers, which are the main source
of anisotropy in brain tissue. In volume conductor models, the anisotropic
effect is implemented by expressing conductivity in terms of voxel-wise defined
tensors Σ, and the simplest approach is to assume that the conductivity along
fiber tracts is nine times greater than in the transverse direction, while treating
the rest of the tissue as isotropic. However, this binary dependence of the con-
ductivity on fiber directionality not only introduces large interpolation errors,
especially at fiber crossings, but also requires a rigorous fiber tracking analysis.
Alternatively, conductivity tensors can be assessed based on diffusion-weighted
MRI imaging (DWI) (Fig. 2.7, right), where a pulsed-gradient spin echo is ap-
plied to estimate the mobility of water molecules in the tissue. Tuch et al [70]
have shown that " ... in a structured medium such as tissue the two processes
are related through mutual respect for the boundary conditions imposed by
the tissue geometry." The tensor is defined as

Σ = VDΛscaledVT
D, (2.15)

where VD is a matrix composed of eigenvectors of diffusion tensors D, and
Λscaled is a diagonal matrix that contains scaled eigenvalues λ of D. These
diffusion tensors are extracted from DWI based on the assumption that a
Gaussian process underlies the diffusion [71], and this modality was named
diffusion tensor imaging (DTI) [72]. To estimate Λscaled, or the ratios of its
components if the isotropic conductivity σiso is given, different methods had
been proposed that were collected in a comparative study [73]. In [74], it was
suggested to use a direct transformation based on the mean diffusivity:

Σ =
3σiso

trace(D)
D. (2.16)

Another method, described in [75], utilizes a volume conservation concept.
If the isotropic conductivity is described as a sphere, its anisotropic form is
represented by an ellipsoid, and their volumes must be equal, i.e.

σk =
σisoλk

3

�

λ1λ2λ3

, (2.17)

where σk is the k-th eigenvalue of the conductivity tensor. For both of these
methods, it is necessary to determine σiso, and therefore it is desirable to
have a comparable resolution for the segmented MRI and the DWI/DTI data.
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to acquire patient-specific MRI and CT data for surgery planning and elec-
trode localization, while DWI data acquisition is relatively rare but might be
conducted in studies on brain circuits or tumor formation. However, the res-
olution of these data is usually far below that applicable for accurate volume
conductor modeling. Therefore, it is enhanced with digitalized atlases of the
human brain, such as [76, 77]. A high resolution atlas is non-linearly trans-
formed into the patient-space, and its segmentation is used to describe the
distribution of the brain tissue ergo the dielectric properties. In theoretical
studies aimed to formulate hypotheses on DBS mechanisms it might be justi-
fied to normalize patient data to the atlas space, but, in this case, a non-linear
transformation, i.e. distortion, of the electrode geometry is required, which
might be impractical for automated simulation pipelines.

If patient-specific DWI/DTI data are not available, a diffusion data atlas,
e.g. [67], can be employed instead. Apart from conductivity tensors’ derivation,
DTI is used for the reconstruction of white matter fibers when the activation
of specific pathways is investigated. For instance, the activation of the internal
capsule during DBS is associated with side-effects such as motor contractions
and dysarthria, and it is relatively simple to reconstruct the structure using
patient-specific DTI data. Thinner and intertwined fiber bundles can be re-
solved using high angular resolution diffusion imaging (HARDI). In Chapter 4,
I will present an example of how fiber trajectories can be extracted based on
diffusion imaging.

In rodent research: The capabilities of the currently available MRI technol-
ogy are limited with regard to the in vivo acquisition of images of a sufficient
resolution. Apart from artifacts caused by respiratory activity there are legal
limitations concerning the duration of animal exposure to the MRI-generated
magnetic field. The issues are circumvented by an ex vivo acquisition, but there
is a change in brain properties due to ventricle shrinking and overall loss of
water content. Furthermore, to achieve an acceptable resolution (< 100 µm),
costly radiofrequency coils are required, discouraging some research groups
from acquiring data on their own. On the other hand, the differences in the
brain anatomy of animals of the same strain, age and weight can be disregarded
to a certain extent (for a further discussion please refer to [78]). As a result,
a volume conductor model is usually designed based on rodent brain atlases,
e.g. [45, 78, 79, 80], some of which have already been employed to plan the
electrode trajectory. The latter can be validated using CT images [51] follow-
ing the same routine as for the electrode reconstruction in human DBS [12].
It should be noted that a precise implantation to the rodent STN/EPN is
challenging, as even minor misplacements might lead to a significant stimula-
tion of non-targeted nuclei [61]. The miniature brain dimensions additionally
complicate the tissue specific conductivity measurements described in [60], al-
though results for incorrectly placed electrodes can be discarded by ex vivo
tissue analysis.
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An electrode–electrolyte film occurs on the surface of electrode contacts due
to the electron-ion interaction (Fig. 2.11, top right). The effects on the film
can be described by non-faradaic reactions, where currents are induced by
charging and discharging of the electrical double layer, and faradaic reac-
tions, where a direct current flow occurs due to a reduction and oxidation [87].
Surely, faradaic reactions must be minimized to avoid metal deposition to the
brain tissue and electrode damage. For this reason, highly polarizable plat-
inum/iridium electrodes are employed instead of stainless steel designs. For
grounding electrodes, where the active surface is significantly larger, the effects
on the film are minor.

For a monopolar stimulation, a commonly used equivalent circuit for the
electrode–tissue interface is presented in Fig. 2.11. Bipolar or multipolar cases
have a more complex circuit representation of the encapsulation layer, but its
dimensions allow explicit modeling with FEM. The non-faradaic and pseu-
docapacitive reactions are described by a constant phase element (CPE) [88]
with the impedance defined as ZCPE = K(jω)−β, where K is the scaling factor

Figure 2.11: Electrode–tissue interface. Top left: the equivalent circuit of the
interface for monopolar stimulation with highlighted dominating elements. Top

right: a depiction of the electrical double layer and the charge transfer on the
metal–electrolyte interface due to an electron-ion interaction. Bottom: the inter-
face components on a DBS electrode. Note that the interface also occurs on inactive
contacts that are sometimes used for measurements. The image is adapted from the
author’s book chapter [64] with a permission of the publisher.
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of the CPE, and β describes the capacitive contribution (for β = 1.0, CPE
acts as a pure capacitor). These parameters depend on the electrode material,
geometry and surface roughness. Moreover, the parameters become frequency
dependent at high voltages due to specific adsorption effects [89], and in [90]
a significant decrease of K and β was shown after two weeks of DBS in a non-
human primate. A charge transfer RCT , which describes faradaic reactions, is
derived using the Butler-Volmer equation [88] and defined by multiple param-
eters such as temperature, overpotential, transfer coefficients, etc. Faradaic
reactions are the main contributor to non-linearity on the interface [91], and
their quantification is a complex problem. Still, for moderate currents deliv-
ered via platinum/iridium electrodes, Faradaic reactions are minor. Therefore,
in DBS modeling it is common to represent the electrode-electrolyte film only
with ZCPE.

The contribution of the encapsulation layer and the electrode–electrolyte film
to the total impedance is significant [81, 90, 92, 93] and, more importantly,
fluctuates during a long-term DBS [94]. This poses a problem for voltage-
controlled stimulation, since a fluctuating voltage drop on the electrode–tissue
interface affects the electric field in the neural tissue. As mentioned previously,
current-controlled mode is more resilient against these fluctuations, hence it
has become more accepted in clinical and computational research. Neverthe-
less, it is important to track the voltage and current driven by the stimulator,
not only with regard to the battery run-time, but also to ensure the safety of
patients. The charge density of 30 µC

cm2 per phase is usually referred to as the
upper limit of a safe stimulation [95], which nearly corresponds to 10 V for a
90 µs rectangular pulse injected via a conventional DBS electrode. Naturally,
this limit should be decreased for novel current-steering electrodes with smaller
contact surfaces ergo higher impedances.

In clinical application: Time-varying effects of the electrode–tissue inter-
face on the treatment efficacy motivated a transition to the current-controlled
mode, which computational model does not require simulating the electrode-
electrolyte film. And even though CPE incorporation is rather simple, its
parameters for specific electrode models and voltages are not comprehensively
described. The encapsulation layer usually requires explicit modeling: not only
it reshapes the electric field distribution during a multipolar stimulation, but it
also defines an area of neurodegeneration. Based on a review study [81] it can
be concluded that further research on the encapsulation is required. In clinics,
total impedance measured for standardized stimulation protocols is monitored
in order to detect a possible malfunctioning of the hardware.

In rodent research: Significantly higher impedances of rodent electrodes
severely restrict the applied voltage if the 30 µC

cm2 limit is to be complied with.
Moreover, the applicability of this limit is questionable considering the size dif-
ference of the human and rodent electrodes. In a study using platinum/iridium
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leads, 100 µA 60 µs pulses did not lead to any observable damage in a rat
brain [96]. Nevertheless, safe amplitudes for a particular electrode model
should be defined with an in vitro assessment of the electrode-electrolyte film,
followed by a preliminary animal trial and a subsequent histological analysis,
the findings of which will also broaden our knowledge about the encapsulation
layer. It should be noted that rodent DBS is usually conducted in the monopo-
lar current-controlled mode, which is why the impedance of the encapsulation
layer has a minor effect [61].

2.2 DBS-induced neural activity

It is important to point out that this section does not elaborate on the neu-
ral mechanism of DBS in neurodegenerative disorders; this problem will be
addressed in the next chapters. Instead, we discuss how a DBS-induced elec-
tric field affects neural structures in general and present concepts that were
proposed to quantify the effect.

2.2.1 Biophysics of action potential

The first thorough mathematical description of action potential initiation and
propagation was proposed in the seminal work by Alan Hodgkin and Andrew
Huxley [97]. When conducting experiments on squid giant axons8, they dis-
covered three current sources that determine the change of the membrane
potential Vm:

Im = Cm

∂Vm

∂t
+ gK(Vm − EK)

� �� �

IK

+ gNa(Vm − ENa)
� �� �

INa

+ gL(Vm − EL)
� �� �

IL

, (2.19)

where Im is the total membrane current, Cm is the membrane capacitance,
gK and gNa are the time and voltage dependent potassium and sodium con-
ductances, with all four quantities defined per unit length. The passive leak
through the membrane (mostly mediated by Cl− ions) is described by the con-
ductance gL. EK , ENa and EL are the shifted Nernst equilibrium potentials. If
Im is large enough, e.g. due to a current injection, it will depolarize the neuron
membrane enough to activate Na+ channels, which, in turn, will further boost
the membrane depolarization (see Fig. 2.12). Shortly after, the Na+ chan-
nels start to inactivate, while efflux of K+ ions and processes at leak channels
will drive the decrease of Vm, and, eventually, the membrane will be repolar-
ized. The whole phenomenon was named action potential (AP), and it can be

8These axons, used by squids for water jet propulsion, are literally gigantic: up to 1.5 mm
in diameter. For comparison, the largest mammalian axons are only 20 µm.
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Figure 2.14: McNeal’s circuit representation of a myelinated axon [104] com-
posed of three components: the ideally insulating myelin sheath (violet), the nodes
of Ranvier (orange) and the axon itself. The conductances and capacitances are
marked with the corresponding subscripts, where the nodal conductance Gn =
(IK + INa + IL)/Vm. Vrest and Ve denote the resting and the extracellular potentials.
Note that in McNeal’s model, the nodal parameters correspond to the membrane
parameters in Eq. 2.21.

For simple geometries, the presented equations can be solved analytically.
However, the math becomes very cumbersome for realistic neural geometries,
and time derivatives should be treated with special methods, e.g. Green’s func-
tions. Alternatively, for complex geometries and fine analyses of AP propaga-
tion, an FEM model of a neuron can be employed [106, 107]. It is also possible
to integrate such a neuron model into the volume conductor model, thus explic-
itly incorporating the contribution of neural activity to the extracellular field,
which might be important for studies focused on ephaptic coupling and source
reconstruction. Yet, this tailoring requires the employment of multiscaling
techniques, and even for modern machines such FEM computations are rela-
tively expensive when simulating large populations of neurons. A significant
reduction of computational costs can be achieved by composing a neuron with
simply shaped compartments for which discrete neural properties are defined.
In this case, a simulation is conducted using finite difference methods that
efficiently incorporate time domain modeling, e.g. with Crank–Nicolson based
integrators [108] and the tridiagonal matrix algorithm, in contrast to an expen-
sive matrix inversion required at each time step in FEM. Among several finite
difference simulators developed for neural modeling, NEURON [109] stands
out for to its popularity in the neuroscientific community. It was achieved
due to the "natural syntax" of the software that encapsulates the technical
implementation, allowing users to work on complex neural mechanisms with-
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out a deep understanding of the underlying computational and programming
basis. The software supports various algorithms that promote the efficiency
of the simulations, such as adaptive integration and parallel computing, while
conducting new studies is facilitated by a large database of verified projects.

Based on McNeal’s concept, different electrostimulation models of myelinated
axons had been developed, and some of them were qualitatively compared in
a comprehensive survey study [110]. Among them, the model most commonly
used in the computational DBS community is McIntyre’s double cable model
of mammalian nerve fibers [111] (Fig. 2.15). To avoid a further immersion
in neurophysiology, I will spare the details and describe only the prominent
features of it. The model was developed after advances in computer technol-
ogy that allowed the simulation of explicitly myelinated segments including
internodal, paranodal and juxta-paranodal compartments with specific geo-
metrical and electrical parameters. The exact morphology was defined for
discrete fiber diameters starting from 5.7 µm, and was later extrapolated to
thinner fibers. Such a detailed modeling of myelinated axons was suggested
to accurately reproduce a passive depolarization after action potentials. The
model was developed based on experimental evidence from human, cat and
rat neurophysiological studies and later adopted to predict the activation in
fiber tracts composed of large diameter axons, e.g. the internal capsule [112].
Among the models analyzed in the survey, McIntyre’s model demonstrated a
prominently higher excitability by electrostimulation.

It could have been noted that the scope of this section gradually shifted from
neurons to axons. In the context of fibers of passage, e.g. the internal capsule,
only axonal compartments of neurons experience significant ∂2Ve

∂x2 to elicit APs.
When considering local cells, it can be generally assumed that axons are more
excitable than somas11 [101] due to a higher density of Na+ channels [114].
Furthermore, in some cases DBS activates predominantly GABAergic afferents
due to their higher excitability [115], thus boosting the inhibition of the cell
bodies [116]. In [117], it was shown that DBS can decouple the somatic and
axonal activity, thus prioritizing simulation of the DBS effect on axons when
modeling the disruption of the pathological PD pattern in the basal ganglia-
thalamo-cortical network.

2.2.3 Quantification concepts of induced activation

A commonly employed concept for quantification of DBS-induced neural ac-
tivation is the volume of tissue activated (VTA) [64, 118]. The idea is to
arrange axons in a grid centered at the active electrode contacts, to solve the

11In Chapter 3, we will investigate electrostimulation effects of DBS on soma with dendrite
trees using a rat STN projection neuron model from [113].
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Figure 2.15: Artistic sketch (top) and circuit representation (bottom) of a mam-
malian myelinated axon composed of five components: the myelin sheath (violet), the
periaxonal space (green), the internodal axolemmas, the nodes of Ranvier (orange)
and the axon itself. The conductances and capacitances are marked with the corre-
sponding subscripts. Vrest and Ve denote the resting and the extracellular potentials.
The voltage-gated ion channels at the nodes of Ranvier include slow potassium Kslow,
fast and persistent sodium channels Nafast and Napers in parallel to a non-specific
leakage. The image is taken from the author’s book chapter [64] with a permission
of the publisher.

cable equation for a given distribution of the extracellular potential in time and
space and to extract an activation contour. The contour is then rotated and
a volume is obtained. In homogeneous and isotropic volume conductor mod-
els, a VTA has a cylindrical symmetry along the electrode axis (see Fig. 2.16,
top row). For heterogeneous and anisotropic cases, the contours might differ
drastically depending on the direction of the axons, thus it is reasonable to
compute multiple VTAs. To reduce the computational effort, different ap-
proximations were proposed that do not require to solve the cable equation.
Most of them are based on the activating function ∂2Ve

∂x2 , e.g. in [119] activation
thresholds were defined for |∇ ·E| based on the pulse width and its amplitude,
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and in [120] the activation extent was estimated using the Hessian matrix for
the electric potential. In [119], it was also observed that the electric field mag-
nitude |E|2 could predict the activation for monopolar stimulation protocols.
Though disputable, this metric became widely employed due to its relative
simplicity. For more details on VTA and its approximation, please refer to my
book chapter [64].

Figure 2.16: Activation extent of a monopolar stimulation computed with different
volume conductor models. From left to right: activation contours for coronal, sagit-
tal and axial planes, respectively. Volume conductor models from top to bottom: ho-
mogeneous isotropic, heterogeneous, heterogeneous and anisotopic (diffusion tensors
were normalized using the volume conservation method). Note that the homogeneous
isotropic model returns a cylindrically symmetric activation contour. The image is
adapted from the author’s book chapter [64] with a permission of the publisher.
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The drawback of these approximation methods is that they do not account
for the extracellular current contribution on distant nodes of Ranvier. As
a consequence, modified driving force (MDF) methods were considered [121,

122]. These methods estimate the activation at node k as
n�

i=0
η|k−i|Δ

2Ve,i, where

n is the total number of nodes of Ranvier, Δ2Ve,i is the second order centered
finite difference of the extracellular electric potential at node i and η|k−i| is
the weight inversely proportional to the distance from the k-th node (ηi=k =
1.0). While activation thresholds were computed with some differences, both
methods define weights dependent on the fiber diameter and the pulse width
using McIntyre’s axon model to simulate intracellular current injections and
the observed decay of |Vm,i| relative to |Vm,k|. However, in [122] it is stated
that MDF methods require adjustments of the activation thresholds depending
on the axon trajectory and the electric field configuration, hence significantly
obstructing their application.

A faster VTA estimation in comparison with cable equations is not the only
reason behind the development of MDF methods. Since their activation as-
sessment is not localized but based on Δ2Ve,i at multiple nodes, the methods
can be directly extended to compute the activation of realistically placed ax-
ons. It is obvious that arrangement of axons in a grid for VTA is a solely
computational concept that does not reflect the real neuroanatomy. While it
is suitable to quantify activation of relatively straight fiber bundles, e.g. the
corticofugal pathway in the vicinity of the STN, a VTA prediction is dubious
when multiple fiber tracts of complex trajectory are considered (see Fig. 2.17).

Developments in the brain imaging technology, in particular DWI and fiber
tractography, enabled the extraction of these trajectories. To estimate the ef-
fect of DBS on realistically allocated axons, the pathway12 activation modeling
(PAM) was proposed [124]. This concept requires to compute the field dis-
tribution in a detailed volume conductor model that incorporates anisotropy,
which is the most prominent along white matter fibers. Compartments of axon
models are seeded on these fiber trajectories, and hence the cable equation is
solved for a realistic distribution of Ve. It is important to distinguish PAM and
activation volume tractography, where fibers are considered activated when in-
tresecting with VTAs [12, 125].

In clinical application: With the DBS software development, e.g. Lead-
DBS, GUIDETM XT, SureTuneTM, the estimation of VTA became a well-
established protocol to assist surgery planning and programming of stimula-
tors. Numerous medical articles were published that utilized VTA to define
"sweetspots" for specific PD and dystonia symptoms [126, 127, 128, 129, 130].

12In this context, a pathway represents a group of fibers that establish the same structural
and functional connectivity. For example, fibers of the hyperdirect pathway descend from
the motor cortical regions directly to the STN and provide an excitatory input.
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activation extent, though one should beware of the high impedance limitations
described in the previous section. No fundamental methodological difference
exists between primates and rodents for VTA and PAM computations, but the
latter is less applicable as rodent DWI and fiber tractography data are limited.

2.3 Finite Element Method

2.3.1 FEniCS

In this section, we will often refer to FEniCS13 [134], the most established
open-source tool for the solution of partial differential equations. It is a C++
based software that offers a Python interface, thus combining high efficiency
and accessibility. While reading this section, you will notice that FEniCS
functionality does not fully cover all FEM capabilities. Yet, it is sufficient
to calculate a DBS-induced electric field in an adequate and accurate manner.
Besides, the software developers offer a profound support and further enhance-
ments of FEniCS to meet the requirements of the ever growing community.

2.3.2 FEM formulation

Although the electromagnetic field theory is well-formulated for analytical
methods, its application is problematic for irregular geometries and inhomo-
geneous material properties. Among the different numerical techniques devel-
oped in the last century the Finite Element Method (FEM) received a wide
recognition for solving realistic problems defined on complex domains. Here, I
outline an application of the method for the considered field modeling problem
based on a relevant textbook [135]. The idea is to discretize these complex
domains with finite elements (in 3-D: usually tetrahedrons or hexahedrons, but
also their curved analogs) and to solve the mathematical formulation on their
entities (vertices, edges, etc.). The general form of an FEM problem can be
expressed as:

L[f(r)] = s(r), (2.22)

where L is an arbitrary differential operator (the Laplace operator ∇ · ∇ in
our problem), s is the source (which is absent in Laplace’s equation) and f(r)

13FEniCS stands for Finite Element Computation Software, originally compiled at the
University of Chicago, whose mascot is a phoenix.
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is the sought-for function, ϕ(r) in our problem. The function is expanded in
n number of basis functions ψ(r):

f ≈
n�

i=1

fiψi(r), (2.23)

where fi is an unknown coefficient that has to be determined. The basis func-
tion ψi(r) is a polynomial associated with a mesh entity i in such a manner
that it is non-zero only on mesh elements containing this entity. Its form de-
pends on the sought-for function, and FEM offers suitable options for most
of the mathematical models. For example, a nodal polynomial approximation
is appropriate for scalar field calculations. In case of vector field computa-
tions, nodal functions will generate nonphysical solutions, also called spuri-
ous modes [135], and therefore other finite element functions, e.g. (curl) or
Raviart-Thomas, should be considered instead.

Since numerical analysis provides an approximated solution, the residual r
should be introduced as

r = L[
n�

i=1

fiψi(r)] − s. (2.24)

Naturally, the residual should be minimized, which is achieved by a so-called
weak formulation:

ˆ

Ω

wj(r)r dΩ =
ˆ

Ω

wj

�

L[
n�

i=1

fiψi(r)] − s
�

dΩ = 0, (2.25)

where Ω is the computational domain (in our case brain or its approximation)
and wj is a weighting function. There are different methods to choose its type,
and for the particular problem we will follow the Galerkin method, where the
weighting function matches the basis function on all entities (wj(r) = ψj(r))
except those with a given solution, where weighting of the residual is not
required and thus w = 0. Since the sought-for function is the scalar field
of the electric potential, we employ the nodal based Lagrange polynomials
(Fig. 2.18) defined on tetrahedral FEM elements to approximate cylindrical
and spherical surfaces of DBS electrodes. Alternatively, an efficient geometry
approximation can be achieved with curved elements, but the support of such
entities is limited. By applying necessary initial and boundary conditions,
the unknown coefficients fi are determined and the numerical solution for the
whole domain is computed.
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the weighting function nullifies the term. Floating potentials can be simulated
in different ways [136], but the following conditions should be fulfilled:

ˆ

ΓF

κ∇ϕ(r) · n dΓF = 0, (2.28)

ϕ(r) − constant on ΓF, (2.29)

i.e. all current that enters will also leave the conductor. We follow the virtual
permittivity method [136], which simulates floating conductors as volumes of
high conductivity and permittivity. The method does not require any addi-
tional term in the weak formulation or direct manipulation of the FEM system,
but it introduces inhomogeneity to the system matrix, which might lead to ill-
conditioning. We determined empirically that the method is applicable for
DBS modeling, but it restricts the choice of FEM solvers; this aspect will be
discussed later in the section.

The insulation of the electrode simply means that the current does not flow
through the surface, i.e. κ∇ϕi · n = 0 on ΓIns, which is the homogeneous
Neumann boundary condition. The boundary of the brain surface can be
considered insulated, e.g. simulating a low conductive scull tissue. Of course,
it is a rough approximation, but if the current flows only through the electrode
contacts, and if the computational domain is large enough, the field distortions
in the region of interest (where neuron models are allocated) will be negligible.
Alternatively, the homogeneous Dirichlet boundary condition (ϕi = 0 on ΓGr)
can be imposed to simulate grounding by the stimulator casing.

The rest of Eq. 2.27 can be rewritten in the matrix form:

Sf = 0, (2.30)

where S is the stiffness matrix, which contains the integrals given in the equa-
tion. Where the Dirichlet boundary condition for the electric potential is given,
fbc can be easily calculated, and the rest entries are determined by solving the
system of linear equations, in the matrix form:

fj = −Sj
−1Sbcfbc, (2.31)

where Sj is a symmetric matrix with a high degree of sparsity (> 99.9% of
entries are zero when solving a typical DBS field problem). These properties
simplify the calculation of the matrix inverse, which can be computationally
expensive due to its dimensions.
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2.3.3 Solvers

Different numerical approaches can be utilized to solve Eq. 2.31. Here we high-
light only those that were empirically efficient for our particular DBS problem
and also available in the employed FEM software (FEniCS). Unless the ma-
trix dimensions are not extremely large, the MUltifrontal Massively Parallel
sparse direct Solver (MUMPS) [137] can be applied on powerful machines. Its
advantage is robustness when dealing with ill-conditioned systems, e.g. when
multiple floating conductors are present, i.e, S is highly inhomogeneous. The
main disadvantage is poor scalability: apart from a drastic increase in compu-
tational time, the memory requirements usually exceed the capacity of desktop
computers.

If none or a single floating conductor is present, the iterative biconjugate gra-
dient stabilized method (BiCGSTAB) [138] with an algebraic multigrid pre-
conditioner is used. This solver is an extension of the conjugate gradient
method for systems with complex numbers, and it provides a significantly
higher performance than MUMPS for large FEM systems (see Fig. 2.19). For
the quasistatic formulation (Eq. 2.14), with or without floating conductors, the
generalized minimal residual solver (GMRES) [139] is employed, which had a
more robust convergence for the considered problem than the classic conjugate
gradient method. For more information on FEM solvers, please refer to [54].
It should be noted that in our FEM implementation the system for the electro-
quasistatic formulation (Eq. 2.13) contained twice as many degrees of freedom
as the quasistastic model given the same basis function order and the number
of elements. These additional degrees of freedom were necessary to account
for the imaginary part that was modeled using a second function space. This
simple but computationally expensive method was utilized due to the lack of
complex numbers support in FEniCS.

2.3.4 Electric potential derivatives

After the coefficients fj and, following Eq. 2.23, the electric potential ϕ(r)
are computed, we can evaluate the electric field E(r) and the current density
J(r). As mentioned previously, the former is sometimes used to obtain a
rough approximation of the neural activation induced by DBS [12, 119]. The
latter can be integrated over the active electrode contacts to estimate the
corresponding impedances or currents delivered by a DBS stimulator. The
current estimation is naturally essential when this parameter is controlled,
which is achieved by regulating the voltage, i.e. the boundary conditions, over
the DBS pulse. In modeling, we can utilize the linearity of Eq. 2.13 and simply
scale the solution to match the current. For example, if one source with current
JC and the grounding are simulated, we first solve the system for a unit voltage,
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neurons15. How should we refine the mesh to achieve the fastest convergence?
A simple idea is to refine the whole domain, but this will lead to excessive
discretization and thus a significant slowdown. For this reason, the uniformly
refined mesh can be used for the validation of the convergence, but never for
the actual computations in the frequency spectrum. A flexible h-refinement
that keeps the balance between accuracy and efficiency should be based on the
local evaluation of the solution or its derivatives. The electric potential ϕ(r)
itself is not necessarily a good indicator: in regions distant from the Dirichlet
boundary condition and neuron compartments, the deviation may be high,
but their refinement is usually unnecessary. On the other hand, Eq. 2.13 con-
tains the gradient term, and empirically I observed that the convergence of
the electric field |Eel,mid|2 at the midpoint of FEM elements and the conver-
gence of the element-wise integrated current density Jel are efficient criteria for
mesh refinement. Both |Eel,mid|2 and Jel should lie above certain thresholds to
avoid refinement of "non-important" elements. Please refer to Appendix A.1
and [140] for more details.

Alternatively, a p-refinement approach could be employed, i.e. increasing the
order of the basis functions. However, in our problem the h-refinement is more
pertinent considering the relatively high resolution of MRI/DTI data: the devi-
ation might occur due to a coarse mapping of the dielectric properties onto the
mesh.16 Furthermore, p-refinement in FEniCS is problematic: the application
of higher order functions cannot be limited to a particular domain. Neverthe-
less, we have to take into account that the 2nd order Lagrange polynomials
will yield piece-wise linear derivatives, which is why the 3rd order elements are
employed for computations that involve the electric field E(r) or the current
density J(r). In DBS problems, a finer discretization is usually required at
the active electrode contacts, especially on the edges between the Dirichlet
and the homogeneous Neumann (insulation) boundary conditions, where high
magnitude electric fields occur. Apart from this, the h-refinement of contacts
is required to accurately approximate their cylindrical or spherical shapes with
tetrahedral elements. Although the FEM theory for curved elements was de-
veloped, its availability in open-source software is limited, and its advantage
is not absolute due to the required higher order functions.

It should be noted that multiple mesh refinement algorithms of different com-
plexity have been proposed for FEM [142]. In this subsection, I briefly de-
scribed an algorithm that was implemented in [140] for particular DBS prob-
lems, though I do not claim it to be the most efficient and admit that further
enhancements are possible.

15The deviation of 1% between refinement steps is usually acceptable: the event of action
potential initiation is binary and thus not extremely sensitive.

16Such deviations usually arise from a coarse mapping of highly conductive CSF. There-
fore, in [140] we implemented an algorithm that evaluates the effect of extremely accurate
CSF mapping on the electric potential at neuron compartments.
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2.5 Uncertainty quantification in DBS

As in most biological systems, brain modeling is subjected to various uncer-
tainties, both epistemic (due to avoidable measurement inaccuracies, simpli-
fications, etc.) and aleatoric (due to limited knowledge of complex processes
and random effects). In the context of DBS, those are variations in the di-
electric properties of brain tissue, as well as uncertainties in neural dynamics,
electrode placement, modeling assumptions, etc. To estimate the influence of
these factors on the stimulation outcome, methods of uncertainty quantifica-
tion can be applied. One of them is the polynomial chaos technique [146] that
drastically reduces number of solutions of a computationally costly problem,
in comparison with Monte Carlo based methods, by approximating it with a
surrogate model described with a polynomial expansion.17 In our problem, it
can be used to estimate the DBS-induced neural activation A:

Ã(Q) =
Np−1
�

i=0

ciξi(Q), (2.32)

where Q = [Q1, Q2, ..., Qn] are n uncertain parameters, Np = (p+n)!
p!n!

is the
number of expansion factors and p is the polynomial order for ξi. In [147], it
was demonstrated that the expansion coefficients ci can be efficiently calculated
by solving the model for Q determined by the point collocation method with
Hammersley sampling [148]. The total number of required computations is
then defined as

Ncomp = 2
�

Np + 1
�

. (2.33)

The authors showed that computing the expansion coefficients ci using the
least-squares method on this overdetermined system leads to a significant im-
provement of convergence. It must be noted that applicability of the poly-
nomial chaos is limited by the number of uncertain parameters considered at
once and it becomes inadequate for problems with n > 20 in comparison with
Monte Carlo based methods [149]. Furthermore, it assumes a smooth depen-
dency of the model output on the uncertain parameters. Nevertheless, for the
problems that will be considered in this thesis, both conditions are fulfilled, if
not stated otherwise.

The obtained polynomial expansion not only approximates computationally
costly problems, but also statistical metrics such as mean and variance:

E[A] ≈ c0; V[A] ≈

Np−1
�

i=1

E[ξ2
i (Q)]c2

i , (2.34)

17This description is actually resemblant to the FEM system expressed in terms of basis
functions, but those should not be confused. Apart from the different statement of problem,
the methods have their own distinct mathematical foundations.







Chapter 3

Local Modulation of Neural

Activity

It was previously mentioned that DBS decouples activity in somas and ax-
ons [117], and that the DBS-induced activation of the latter is usually a focus
of modeling. However, somatic activity will impact efferents that are not di-
rectly activated by DBS. In [153], it was observed that the inhibition further
increases the fidelity of axonal response to the DBS signal as its interaction
with endogenously generated APs is eliminated. In this chapter, we will numer-
ically investigate the effect of an extracellular field on STN projection neurons
and compare it with the extent of VTA. Furthermore, we will discuss the chal-
lenges of targeted stimulation in rodent DBS, in particular the precision of the
electrode placement and the field focalization problem.

3.1 Direct DBS effect in stimulated nuclei

Without diving into the oscillatory pathology of PD (which will be discussed
in more detail in Chapter 4), it can be generally stated that PD is associ-
ated with an elevated bursting activity of the STN and GPi in the beta band
(13–30 Hz) [7, 154]. STN-DBS was shown to decrease neural activity in the
targeted nucleus [22], which can be attributed to the stimulation of GABAergic
afferents [155]. However, the cell itself may be inhibited/excited due to alter-
nations of the extracellular field on the cell membrane and dendrites. It was
also demonstrated that DBS can decouple activity in the soma and axon [117],
and that the inhibition of somatic activity can facilitate the axonal response
to DBS [153]. The question is whether this decoupling occurs predominantly
due to the activation of GABAergic afferents to the STN cells or whether the
effect can be induced directly by a polarization of the membrane. To test the
relevance of the latter mechanism in the context of rodent DBS, a model of
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STN (Fig. 3.1, bottom row). To capture the influence of axonal directionality,
the VTA is computed for each Cartesian axis.

The volume conductor model of the rat brain is constructed based on MRI
and HARDI data from [45]. The MRI data are segmented into grey matter,
white matter and cerebrospinal fluid (see Fig. 3.2, A); the conductivities and
permittivities of the corresponding tissue at different frequencies are estimated
using [58] with the omission of the α-dispersion as proposed in [59], and the
conductivities are further upscaled as described in Chapter 2. The omission of
the α-dispersion justifies the choice of the quasistatic formulation of Maxwell’s
equations (Eq. 2.14) for computing the electric field induced by DBS. Conduc-
tivity tensors are assessed from the HARDI data using the Python package
Dipy18 [71] and the volume conservation method [75] described in Chapter 2.
The stimulation is conducted via the bipolar rodent DBS electrode SNEX-100
(MicroProbe Inc. MD, USA), with the encapsulation simulated as a 50 µm
layer with a conductivity of grey matter decreased by 20% (chronic phase).
To ensure the accuracy of the computations, the previously described mesh
refinement algorithm is enabled.

To test the excitability of the cell models, the extracellular field is computed
for a current-controlled stimulation following a common protocol (rectangular
cathodic pulse of 100 µA and 60 µs) and a long-pulse alternative with the

Figure 3.2: Volume conductor model for rat STN-DBS. A: the distribution of grey
and white matter, depicted with the corresponding colors, as well as CSF (blue)
and the encapsulation layer (red). The STN in shown in orange. The electrode is
assumed to be highly conductive and removed from the model, preserving the ap-
propriate boundary conditions. The large computational domain is shown here for
visualization purposes, but can be significantly truncated for the bipolar stimulation.
B: the elliptic representation of conductivity tensors obtained based on water diffu-
sion data [45] and scaled using the volume conservation method [75]. C: the electric
potential distribution in the vicinity of the electrode contacts. Due to the linearity of
Eq. 2.14, the solution can be scaled to compute activation for different amplitudes.

18The HARDI data and Dipy will be used later to extract pathways affected by STN-DBS
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3.2 Precision of implantation and VTA

In the previous section, it was shown that VTA extends over the stimulated tar-
get for 100 µA 60 µs rectangular pulse. This raises concerns whether adjacent
structures of the basal ganglia that are involved in the pathology, but not tar-
geted by the stimulation may be affected by DBS. The problem is especially
relevant in rodent DBS where the miniature dimensions of brain structures
hamper the precise electrode placement. In [61], our model predicted that
misplacements within the STN significantly affect VTAs in the entopedun-
cular (EPN) and especially the substantia nigra pars reticulata (SNr), while
the effect of the conductivity and thickness of the encapsulation layer is mi-
nor. At the same time, the relatively large dimensions of rodent stimulating
electrodes and the consequent neural damage discourage from implantations
into the STN. Instead, the electrode can be placed cranially to the target (see
Fig. 3.4).

Here, I conduct an uncertainty quantification analysis to estimate the effect
of cranial implantation on the VTA extent while accounting for a possible
electrode misplacement along the posteroanterior axis, as well as for reported
differences in the encapsulation layer properties (see Fig. 3.5 for the assumed
probability density functions). The volume conductor model described in the

Figure 3.4: Activation in the STN and adjacent EPN and SNr for a cranial im-
plantation (0.4 mm above the STN). A: VTA grids over the brain structures. B:

|E|2-based VTA approximation (> 0.323 V/m in red, > 0.2 V/m in yellow). Ev-
idently, most of the activated tissue is outside of the target. C: statistical metrics
for the VTA arrays (STD – standard deviation, P5 and P95 are the 5th and the 95th
percentile, respectively). D: the first order Sobol’ indices for the VTA arrays. The
precision of the electrode implantation is found to be the dominant factor, especially
for the non-targeted nuclei.
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3.3 Field focalization for cranial implantations

The problem of extensive stimulation above the STN, occurring for cranial im-
plantations, was addressed in [145], where new electrode designs were proposed
(see Fig. 3.7, A) and compared to conventional rodent DBS leads. Apart from
the tip modification, the main feature of the customized design is a ground-
ing surface on the electrode’s shaft located far enough (3 mm) from the core
contact to diminish the "pulling" of the electric field. The length of the sur-
face (2 mm in axial direction) was chosen such that the electric field strength
was below the 0.323 V/mm threshold20 at the distances larger than 50 µm,
i.e. any activation near the grounding would be confined to the encapsula-
tion layer. In [145], VTAs were approximated with electric field metrics, and
in this section I will briefly analyze the differences of VTA contours based
on axonal activation. Three electrodes are considered: previously simulated
SNEX-100, a custom electrode with the core contact located on the blunt tip
and a custom electrode with a spherical rounding. The third custom design,
where the core contact is located on a concave surface, showed a marginally
higher performance, which is outweighed by its manufacturing complexity.

Figure 3.7: Activation in the STN and adjacent EPN and SNr for a cranial implan-
tation of a custom electrode with the blunt tip design. A: schematics of the custom
electrodes (adapted from [145]). B: |E|2-based VTA approximation (> 0.323 V/m in
red, >0.2 V/m in yellow). C: statistical metrics for the VTA arrays (STD – stan-
dard deviation, P5 and P95 are the 5th and the 95th percentile, respectively). Note
the higher overall activation than for the SNEX-100 electrode. D: the first order
Sobol’ indices for the VTA arrays. Again, the precision of the electrode implantation
is found to be the dominant factor, but in this case the radius of the encapsulation
has a prominent effect on the VTA in the STN.

20In [119], this threshold was defined as the median value for activation of axons with
2.5 µm fiber diameter.





Chapter 4

Pathway Activation Induced by

Stimulation of Subthalamic

Nucleus

In this chapter, we discuss which pathways are directly affected by deep brain
stimulation of the subthalamic nucleus, and how they are involved in alleviation
of parkinsonian symptoms. First, I briefly describe the suggested short-term
mechanism of DBS in the context of pathway activation. Next, I highlight
results obtained in our studies on pathway activation in human STN-DBS. In
particular, theoretical optimal pathway activation profiles are presented that
were derived based on a retrospective analysis of motor symptom improvement
in patients and a network analysis of the DBS-induced modulations via path-
way activation. These results are then attempted to be reproduced in a rat
STN-DBS model.

4.1 Basal ganglia pathways

The basal ganglia complex is involved in different brain activities such as con-
trol of voluntary movements and emotions, as well as cognition and learning.
Its input is mainly defined by the neocortex, while the major output is com-
posed of inhibitory projections to the ventral anterior thalamic motor nuclei
and the brainstem [158]. Due to a variety of performed activities, the net-
work is often subdivided into associative, limbic and motor systems defined by
the corresponding cortical regions. This thesis is focused on motor aspects of
Parkinson’s disease, and therefore the connectivity of the basal ganglia will be
further discussed in this context.

54
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Fig. 4.1 depicts three main pathways descending from the motor related cor-
tical areas to the basal ganglia. These are

• the hyperdirect pathway that provides excitatory input directly to the
STN, inducing a short latency inhibition of the ventral anterior (VA)
thalamus via the GPi/SNr;

• the direct pathway that inhibits the GPi/SNr via inhibitory afferents
from the striatum, leading to an intermediate release of the VA-thalamus;

• the indirect pathway that again reduces VA-thalamic activity by releas-
ing the GPi/SNr due to inhibition of the GPe via striatal afferents.

The basal ganglia nuclei are also under dopaminergic control of the substantia
nigra pars compacta, and a neurological damage in this structure, observed
in PD, leads to manifestation of motor symptoms. In particular, patients
have problems with movement initiation that can be related to the lack of
internal motivation controlled by dopamine levels. Conversely, treatment with
the dopamine precursor levodopa might lead to hyperkinetic movements, e.g.
dyskinesias. Imbalance of the dopaminergic control leads to a hyperactivity in
the indirect and the hyperdirect pathways, boosting the activity of the STN,
and, in turn, of the basal ganglia output nuclei. For instance, a high neural
bursting is observed in the GPi, resulting in an increased inhibition of the
VA-thalamic motor neurons. In response to the prolonged inhibition, these
neurons exhibit bursting rebounding behavior21 that was shown to correlate
with muscle responses [9] and aggravation of akinesia. Furthermore, an in-
creased synchronization and a β−band (13–30 Hz) oscillatory activity in the
STN and the pallidum was reported, with alleviation of motor symptoms cor-
relating with a suppression of this activity [159, 160, 161].

Based on these and other data, different pathophysiological models of PD were
proposed. Principally, they can be divided into firing rate and firing pattern
models. The former focuses on changes in the mean activity of the basal gan-
glia nuclei and a subsequent overinhibition of the VA-thalamic motor neurons.
The firing pattern model states that motor symptoms occur due to a jamming
of the information flow by increased β−band activity22. Recently, another
model was proposed that emphasizes the temporal and spatial separation of
the functional and structural connectivity in the basal ganglia pathways [1]
(see Fig. 4.1). The model suggests that the network creates a time window for
a thalamic release by a local inhibition of GPi neurons via the direct pathway,
preceded and succeeded by phases of the overall high activity in the GPi due
to the hyperdirect and the indirect pathways. In the PD state, this time win-
dow of release is compromised by the reduced inhibition of the GPi due to the

21The behavior is manifested in a fast firing after cessation of inhibition, also see Fig. 4.11.
22However, the causality was challenged in a study that reported a lack of correlated

activity preceding manifestation of motor symptoms [162].
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4.2 Direct correlation of pathway activation

with motor improvement

This section closely follows our study presented in [144]. There, we investigated
correlations of DBS-induced pathway activation rates with alleviation of motor
symptoms that was defined by the motor section of the Unified Parkinson’s Dis-
ease Rating Scale (UPDRS-III). The rates were computed for retrospectively
recruited cohorts of bilateral STN-DBS patients from two independent clinical
centers. The training and the test cohorts contained 30 datapoints (15 patients,
two DBS protocols) and 19 datapoints (19 patients, one DBS protocol), re-
spectively. Pathway activation modeling was conducted in the patient-specific
space defined by preoperative MRI T1-weighted imaging in order to avoid non-
linear distortion of the electrode geometries that is inevitable when computing
in an abstract atlas space. To facilitate modeling in the patient-specific space,
the OSS-DBS platform was integrated into Lead-DBS [12], which provides var-
ious routines for medical image processing. Electrode localizations based on
co-registered postoperative CT scans were conducted and analyzed to exclude
patients with a distinctly different lead placement, e.g. penetrating the pal-
lidum. Segmentations of the patient-specific brain tissue distribution were ob-
tained using probabilistic mapping [168] applied to the T1-weighted MRI data
and a multispectral MNI (Montreal Neurological Institute) template. Apart
from the heterogeneous conductivity, the volume conductor models incorpo-
rated tissue anisotropy using a human brain diffusion atlas [67], normalized
following the volume conservation method [75]. Since the diffusion atlas and
the basal ganglia pathway atlas are defined in MNI space, they had to be
co-registered to the T1 modality. Visual assessment showed that the frac-
tional anisotropy and the trajectories of the transformed pathways followed
the distribution of white matter in the T1-weighted imaging, while the axon
allocation algorithm revealed that intersections of the transformed trajectories
with CSF voxels were extremely rare, additionally verifying the accuracy of
the co-registration.

Electric field and action potential modeling were conducted analogously to
VTA computations described in the previous chapter. However, in this case
axons were realistically allocated on white matter fibers instead of artificial uni-
form grids. The allocation algorithm determined the closest position on the
trajectories to active contacts on the DBS electrode. This position was either
used as a starting seeding point for pathway projecting to/from the STN or as
a middle seeding point for passing fibers. As before, McIntyre’s axon model
was used, and the fiber diameter was set to 5.7 µm, except for the short sub-
thalamopallidal and reciprocal projections, where it was set to 3.0 µm. Since
the volume conductor models were constructed based on the patient-specific
data, the FEM mesh quality had to be estimated in each simulation. However,
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within an hour of a continuous stimulation, and the effect wears off in the
same period of time upon cessation [178]. Therefore, we focused on short-term
DBS-induced network effects and left out a discussion on possible mechanism
of neurogenesis and structural reorganization.

During STN-DBS, activation of predominantly GABAergic afferents leads to
an increased mean inhibition of STN neurons [155]. Thus, the stimulation was
initially considered to be a functional alternative to lesioning. Later, it was
shown that DBS recruits in parallel multiple pathways including the excitatory
projections to the GPi and GPe, resulting in a mean increase in their firing
rates [21]. Moreover, stimulation also alters the firing pattern, reducing pre-
sumably pathological β−bursting in the basal ganglia. It was demonstrated
that STN regions with an elevated β−activity are efficacious targets for a high-
frequency stimulation25, and several studies on adaptive DBS were designed to
suppress these oscillations [154, 179, 180]. The excessive β−synchronization
might occur due to a dopamine-imbalanced reciprocal excitatory-inhibitory
connection of the STN and GPe [1], but a recent study suggested that the
pathological activity might be "injected" via the hyperdirect pathway [6]. Stim-
ulation of its fibers was shown to be beneficial in various studies [172, 173],
including this thesis, and the mechanism of desynchronization might not be
limited to "informational lesioning"26 by DBS, but also include antidromic in-
vasion of cortical neurons [120, 181, 182].

Another potential biomarker is the γ−synchronization (30–100 Hz), which was
shown to be positively correlated with alleviation of PD motor symptoms [183]
and was theorized to be a "binding band" between spatially distributed brain
areas [184]. It is important to note that firing in the major basal ganglia out-
put, the pallidothalamic pathway, is not only modulated by network effects of
STN-DBS, but also directly by the stimulation. In the VA-thalamus, effective
DBS protocols reduce the previously described bursting rebounds [165], which
could be employed as a biomarker for adaptive stimulation. In [9], it was
demonstrated that suppression of these bursts by photoinhibition of GABAer-
gic pallidothalamic synapses led to motor improvement in PD mice models.
Furthermore, DBS generally reduces the mean activity in the VA-thalamus
(in comparison to PD state) and shifts it to higher frequencies, in particu-
lar the γ−band, possibly restoring the information flow. As was previously
mentioned, it is unlikely that DBS continuously suppresses thalamic motor
neurons, but rather paces them by regular single spiking that occurs due to
synaptic failures and short-term synaptic depression (STD) [185].

To study DBS effects on these biomarkers, a basal ganglia-thalamo-cortical
network of the human brain was developed. The network was built upon the

25Curiously, β-frequency stimulation further worsens PD motor symptoms.
26In this case, "informational lesioning" suppresses low-frequency activity due to neuro-

transmitter depletion induced by a high-frequency stimulation.
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model presented in [186], with the basal ganglia consisting of both segments of
the pallidum and the STN. Healthy and pathological striatal activity, arising
from degeneration of the substantia nigra pars compacta, was modeled implic-
itly with current modulations on the GABAergic pallidal inputs. Note that the
substantia nigra pars reticulata was not included in the network with the as-
sumption of its functional similarity to the GPi. The thalamus was represented
by the ventral anterior nuclei, the recipients of the pallidal efferents. Since the
cerebellum was not added to the network, its output thalamic structures were
also omitted. Taking into account that involvement of the cerebellothalamic
pathway in tremor alleviation was previously reported in the literature [25,
166, 167], including this thesis, the DBS network effects in relation to the
symptom were not investigated. Furthermore, later it will be shown that DBS
recruitment of the cerebellothalamic pathway is unlikely during rat STN-DBS.

In contrast to [186], the structural connectivity between (and within) brain
structures was modeled based on pathway reconstructions. In particular, the
previously employed basal ganglia pathway atlas [123] was used to describe
the subthalamopallidal, pallidothalamic and corticosubthalamic connectivity.
The VA-thalamocortical projections were reconstructed based on a structural
group connectome [11, 187]. This anatomically plausible definition of connec-
tivity in the network has also the advantage of explicit coupling with volume
conductor models, i.e. the effect of the DBS-induced pathway activation can
be propagated in the network and, conversely, the feasibility of an abstract op-
timal network input can be evaluated with a field modeling. The intranuclear
connectivity for pallidal, thalamic and cortical neurons was arranged accord-
ing to the small-world topology [188], with the proximity defined based on
termination points of individual streamlines in the pathways. For the STN, a
sparse connectivity was applied [189, 190].

Dynamics of the network were set according to data presented in various stud-
ies that conducted neurophysiological recordings in healthy and PD animal
models as well as patients [7, 191, 192, 193, 194]. While the main aspects of
the basal ganglia dynamics were adapted from [186], some crucial adjustments
and enhancements had to be implemented. First of all, the primary motor
and premotor cortex, designated together as M1, were explicitly simulated
with the resting state dynamics (see Fig. 4.10) that were chosen due to the
fact that an increase in β−activity is more prominent before than during vol-
untary movements [195]. Furthermore, a possible antidromic invasion of M1
via the hyperdirect pathway was considered, with an assumption of comprised
fidelity for high-frequency stimulation [196]. Another important addition to
the network dynamics was a VA-thalamic rebounding in response to a bursting
inhibition via the pallidothalamic pathway [197] (see Fig. 4.11). Additionally,
various minor modifications of synaptic weights and time-dependent parame-
ters were made in order to reproduce neurophysiological recordings in the basal
ganglia (see Fig. 4.12).
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is to create an automated simulation framework that traces various aspects of
neural activity in a patient-specific DBS model. The framework would only
require the user to provide a set of multimodal medical imaging, such as MRI
and DWI as well as CT data, if the electrode is already implanted, and stim-
ulation protocols for evaluation. Using this patient-specific information, the
framework would adjust the model of the basal ganglia-thalamo-cortical net-
work, compute an extracellular field distribution in space and time, quantify
its effect on axonal firing and, finally, update the network state. Addition-
ally, implementation of multiscale techniques to the framework would allow a
simulation of long-term DBS effects.

4.4 Pathway activation modeling for

rat STN-DBS

The two studies presented above used different approaches for estimating an
"optimal" pathway activation profile. However, both highlighted the impor-
tance of the hyperdirect and the pallidothalamic projections. In this section, I
will evaluate how closely these "optimal" profiles can be matched in rat STN-
DBS. To do so, the pathways of interest will be reconstructed from water
diffusion data, and, using OSS-DBS, activation rate profiles will be computed
for different electrode positions (in the vicinty of the STN) and current ampli-
tudes. Although not considered in the basal ganglia-thalamo-cortical network,
the activation in the corticofugal pathway will be also controlled, since its stim-
ulation might aggravate akinesia and bradykinesia and evoke motor contrac-
tions. Additionally, the cerebellothalamic pathway is included, also omitted in
the network analysis. Previous studies have demonstrated an implication of
the tract in tremor suppression [25, 166], and in this thesis increase in activa-
tion rates has been shown to correlate with improvement of the corresponding
UPDRS-III items. In human brain, the cerebellothalamic pathway bypasses
the STN, and its stimulation might occur for electrodes medial to the posterior
portion of the nucleus. Therefore, it is of interest to investigate whether this
mechanism of DBS is utilized when targeting rat STN.

4.4.1 Reconstruction of pathways using diffusion

imaging

In Chapter 2, water diffusion in brain tissue were discussed in the context of
anisotropic conductivity. Additionally, it was noted that the diffusion can be
used to infer the structural connectivity between brain regions. Due to cel-
lular structures, such as white matter fibers, movements of water molecules
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are bounded. To assess the effect along different directions, a special sequence
of magnetic resonance imaging is applied, where the diffusion is measured in
response to gradients of magnetic fields. Acquisition parameters are described
by a table that is composed of b-vectors (gradient unit directions) and b-values
that define gradient pulse parameters such as width, amplitude and separation
in time, with higher b-values corresponding to stronger diffusivity. The dis-
placement of the molecule over diffusion time is estimated by a probabilistic
distribution that can be evaluated with different methods such as q-space imag-
ing [198] and diffusion spectrum imaging [199]. Alternatively, one can assume
a Gaussian distribution for the diffusion process and describe the measured
diffusion-weighted signal S(r, b) by the Stejskal-Tanner formula [200]:

S(r, b) = S0e
−brT Dr, (4.4)

where S0 is the signal measured in absence of magnetic gradients, b summarizes
parameters of the measurement, r is the unit vector in the direction of the
gradient and D is the diffusion tensor, introduced in Chapter 2. By definition,
D is a symmetric positive definite matrix [201], and its six degrees of freedom
are obtained by fitting Eq. 4.4. Therefore, at least six gradients in non-collinear
directions have to be applied, although it is usual to conduct measurements
for multiple angles to obtain a better angular resolution.

Diffusion data are acquired voxel-wise, and, based on directions of principle
eigenvectors, which correspond to the largest eigenvalues of D, one can extract
a diffusion trajectory that, in turn, can be used to approximate trajectories
of white matter fibers. Note that the resolution of diffusion data in rodents
usually varies from 40 to 100 µm, while the fiber thickness is below 10 µm.
Therefore, results of tractography do not directly correspond to the distri-
bution of single fibers, but give an approximation of structural connectivity
defined by fiber tracts. This is appropriate for our problem, where the rela-
tively large tracts of myelinated axons are reconstructed. In animal studies,
it was shown that changes in myelination correspond to changes in fractional
anisotropy [202], which is defined as a normalized variation of diffusion along
the eigenvectors

FA =

�
�
�
�1

2
(λ1 − λ)2 + (λ2 − λ)2 + (λ3 − λ)2

λ2
1 + λ2

2 + λ2
3

, (4.5)

where λ is an eigenvalue of D. In comparison with other diffusion based meth-
ods, which were also applied in this section, a tensor-based fiber tractography
is the most accessible since data acquisition just for six gradient directions is
sufficient. The downside of the method is that only the direction defined by
the principle eigenvector is followed, hence it is not able to resolve crossing
and branching fibers. For more details on methodology, please refer to [71].
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Figure 4.15: Coronal and sagittal views of brain structures relevant in STN-DBS,
visualized in a rat brain atlas [45]. M1/M2 – somatomotor areas, EC and IC –
external and internal capsule, respectively, GPe – external segment of the globus
pallidus. A deliniation of the ventroanterior/ventrolateral nuclei of the thalamus
(VA/VL) and the entopeduncular nucleus (EPN, an analogue of the GPi in rodents)
was conducted manually following [79].

In this thesis, fiber tractography is conducted based on high angular resolu-
tion diffusion imaging (HARDI) acquired in [45] for the Wistar rat. The data
describes diffusion in 61 directions with the b-value set to 3,000 s/mm2. To
classify fiber tracts into pathways, it is convenient to visualize their spatial dis-
tribution relative to brain structures. Apart from the diffusion data, Johnson
et al supplied a rat brain atlas defined in the same space, sparing the effort
of a non-linear normalization of the data to other digitalized atlases. While
most of the relevant brain structures were segmented, entopeduncular nucleus
(EPN) and the ventroanterior/ventrolateral nuclei of the thalamus had to be
delineated manually using the Paxinos and Watson rat brain atlas [79] (see
Fig. 4.15).

The HARDI data are truncated and masked to contain only brain voxels (see
Fig. 4.16), and diffusion tensors (Fig. 4.17, left) are obtained using the weighted
least-squares fitting27 [203]. The fiber tracking is initiated in either of three
brain structures depending on the pathway of interest: in the internal cap-
sule for fibers of the hyperdirect and the corticofugal pathways, in the EPN
for the pallidothalamic tract and in the cerebellum for the cerebellothalamic
tract. The procedure is conducted separately for the pathways in order to re-
duce computational costs. Purposefully, a relatively low threshold of fractional
anisotropy (0.1) is chosen to reduce the number of false negative trajectories,
even though it leads to an increase of false positives. The latter are filtered
out during a semi-automated pathway classification that imposes additional
conditions on the trajectories in relation to brain structures (see Fig. 4.18).

27Additionally, the diffusion tensor data are scaled following the volume conservation
approach [75] and used to describe the anisotropic conductivity in the volume conductor
model of the rat brain (employed here and in Chapter 3).
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In particular, fibers of the hyperdirect pathway have to originate in M1/M2,
pass through the internal capsule and terminate in the vicinity of the STN.
In reality, the fibers do not terminate in the nucleus, but innervate it with
collaterals. However, fiber tractography cannot accurately trace these thin
structures, and here it is assumed that a decrease in the fractional anisotropy
in the vicinity of the STN corresponds to an inception of the collateral seg-
ments. The obtained hyperdirect pathway terminates at the rostro-ventral
level of the STN, which is in agreement with a tracing study [204]. In con-
trast, the corticofugal pathway bypasses the nucleus laterally and merges with
the cerebral peduncle. The cerebellothalamic tract is reconstructed from path-
ways originating in the cerebellum, bypassing the red nucleus and projecting
to the ventroanterior/ventrolateral nuclei (Fig. 4.19, left). The pallidothala-
mic pathway is defined on fibers that connect the corresponding nuclei without
trespassing others. Note that unlike in the human brain, the pathway is not
clearly separated to ansa lenticularis and lenticular fasciculus in rodents [44].
All reconstruction steps are conducted using the Python package Dipy [71],
which was developed specifically for processing of diffusion data, fiber tractog-
raphy and classification.

Additionally, manual assessment and filtering have to be applied. For exam-
ple, some fibers, initially classified as the hyperdirect pathway, are removed
due to their intersection with the external capsule. These fibers are false pos-
itives generated due to the low fractional anisotropy threshold that allowed
them to branch off from the internal capsule through the striatum. For the
pallidothalamic pathway, fibers have to form a peculiar C-shape [205], and the
outliers are removed. The results of the classification were examined by an
expert anatomist [206].

Figure 4.16: Coronal view of the non-diffusion-weighted sequence S0 in the masked
and truncated HARDI data from [45]. The highlighted region in the corpus callosum
(CC) is used below to visualize different diffusivity metrics.
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Figure 4.20: Alternative approaches to fiber tractography considered in the the-
sis. Left: an anatomically constrained tractography using the constrained spherical
deconvolution. Center: the constant solid angle method with a thresholding by gen-
eralized fractional anisotropy. Right: a probabilistic sampling of the orientation
distribution function. The tensor-based tractography generated more physiologically
plausible trajectories (see Fig. 4.18) possibly due to insensitivity to secondary diffu-
sion directions.

Gaussian distribution along the trajectories. In general, it must be noted that
a diffusion based fiber tractography is prone to generate false positive trajecto-
ries [211], and an absence of false negatives is not ensured either [212]. Bearing
this in mind, diffusion based fiber tractography can be considered as a first
approximation of structural connectivity that should be further analyzed with
anatomical and histological methods [213].

4.4.2 Optimization of pathway activation

To reiterate, the research question of this chapter is whether stimulation of
rat STN can reproduce profiles of activation rates similar to those considered
therapeutic in human STN-DBS. Previously, we discussed different approaches
to determine therapeutic profiles, and Table 4.1 presents three that are con-
sidered in this section, further referred as profiles I, II and III. Note that the
local subthalamopallidal pathways are not included in the analysis: apart from
complications related to diffusion based pathway reconstruction, it is question-
able whether pathway activation modeling is an appropriate method for such
local circuits [144], also taking into account a presumable neurological damage
in the pathway caused by the implantation (see Fig. 4.2).

With the optimal profiles defined (Aoptimal = [AHDP, ACF, AGPi-Th, ACb-Th]),
we now have to solve an optimization problem, where the electrode placement
and the current amplitude are the optimized parameters, and the goal is to
minimize the difference between an optimal profile and activation rates com-
puted in the volume conductor model of the rat brain, with the difference
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Table 4.1: "Optimal" pathway activation profiles of human STN-DBS derived in
the retrospective clinical study on motor improvement [144] and in the network anal-
ysis of neural activity normalization in the ventral anterior nuclei of the thalamus
(VA). The latter was conducted with and without the short-term synaptic depression
(STD) in the pallidothalamic neurons. For the corticofugal pathway, which stimula-
tion is associated with motor contractions and dysarthria, the penalization is set for
activation rates above a threshold of 2.5%. The cerebellothalamic pathway is added
to the analysis due to its involvement in tremor alleviation.

Pathway UPDRS-III score
improvement

VA norm.
(no STD)

VA norm.
(with STD)

HDP 55% 31% 36%

Pallidothalamic 50% 100% 23%

Corticofugal ≤ 2.5% ≤ 2.5% ≤ 2.5%

Cerebellothalamic 60% — —

measured by the previously described Canberra distance [171]. Since it is a
normalized metric, smallest differences in activation rates for detrimental path-
ways result in high contributions to the distance. In the retrospective clinical
study, the target activation rates for the corticofugal tract were nearly zero,
and, considering its proximity to the hyperdirect pathway, that would lead to
a stalling of optimization. Therefore, a threshold of 2.5% is chosen that was
optimal for the tract descending from the SMA, which had the highest impact
among the corticofugal branches in the weighted target profile (see Fig. 4.6).
Contributions for lower activation rates are nullified, but in order to emphasize
the importance of low activation in the pathway, its weighting factor in the
Canberra distance is set to 4.029. For the cerebellothalamic pathway, which
activation did not significantly influence the correlation of the weighted profile
with motor improvement (see Fig. 4.6), the weighting factor is decreased to
0.25 (1.0 for the rest).

The goal function defined by the Canberra distance depends on activation rates
of the non-trivially distributed pathways, and it belongs to the class of non-
convex functions with multiple local minima. In a preliminary analysis, it was
determined that the simulated annealing algorithm [214] is well suitable for the
particular problem. In short, the algorithm follows an analogy of annealing
process for a metal, where the global minimum corresponds to the state of the
maximal crystallization ergo the minimal energy. Transitions between states
are based on random perturbations of optimized parameters, and those result-

29The choice of the weighting factors here is heuristic in order to generalize the conclusion
on the translatability. Ideally, when considering a specific hypothesis, the weighting factors
should be set to the same values within one study, independent from the brain anatomy.
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ing in a lower energy state are always accepted. The peculiarity of the process
is a probabilistic acceptance (governed by a special case of the Metropolis–
Hastings algorithm [214, 215]) of transitions that lead to states of a higher
energy at high temperatures, allowing a better exploration of the parameter
space. During the cooling, regulated by an annealing schedule, the probability
of acceptance for a higher energy solution is decreasing. The particular im-
plementation employed here is the generalized simulated annealing [216] that
combines the classical and the fast simulated annealing, providing a fast con-
vergence yet avoidance of local minima by balancing between those strategies.

The optimization is conducted in two loops: the outer moves the electrode in
the vicinity of the STN, and the inner optimizes the current amplitude for the
given electrode placement. The reason for this separation is the computational
efficiency. While repositioning requires to recompute the whole FEM model,
results for different current amplitudes are obtained by simple scaling of the
field solution in time domain, allowed due to the linearity of Laplace’s equation
(Eq. 2.14). In this case, only the cable equation has to be recomputed to obtain
activation rates for a new current protocol. For this study, the spatial param-
eters of the electrode placement are bounded by a 2 mm box, centered at the
STN and aligned with the main brain axes. In rodents, electrodes are usually
concentric and implanted vertically without a tilt, and therefore only three
parameters, namely, the tip coordinates, are required to define the position.
The current amplitude is limited by 60 µA, but both polarities are allowed.
The local optimization is disabled, since the precision of electrode placement
in rodent DBS is limited [51]. Moreover, it is also not used when optimizing
the current: a precise amplitude is not of interest considering uncertainties
introduced by the fiber tractography, the volume conductor model, the axon
model, etc. The simulated annealing algorithm is employed for a general ex-
ploration of a relatively large spatial parameter space, and, additionally, a grid
search is conducted for visualization purposes. It is bounded by a 1 mm box
with 0.25 mm step, which is reasonable taking into consideration implantation
inaccuracies [51].

The volume conductor model employed in this analysis was previously de-
scribed in Chapter 3. Since the electrode position varies considerably over the
optimization, and conducting mesh refinement for each iteration is costly, a
pre-refined initial meshing is used, which accuracy was assessed at ten random
positions. McIntyre’s mammalian axon models are allocated on the trajecto-
ries previously reconstructed with the diffusion based fiber tractography. For
the hyperdirect pathway, the seeding of an axon starts from the trajectory’s
closest point to the nucleus’ center of mass, while for passing fibers it is seeded
as the midpoint of an axon (see Fig. 4.21). All axons are modeled with a
2.0 µm fiber diameter, the thinnest available for the model. In order to reduce
the computational effort, minimal lengths of axon models that do not alter
activation rates were determined in a preliminary analysis. For the cerebel-













85 CHAPTER 4. PATHWAY ACTIVATION INDUCED BY STN-DBS

Table 4.2: Abbreviations for brain structures in Figs. 4.22, 4.23, 4.24. Note that
the number of structures listed here are also targets used in human DBS for various
diseases, hence their stimulation might compromise the integrity of experiments.

Abbreviation Brain structure DBS target

AA Amygdalar area

CbP Cerebellar peduncles �

EPN (GPi) Entopeduncular nucleus �

HI Hippocampal formation

HY Hypothalamus

IC Internal capsule

ML Medial lemniscus

MMT Mammillothalamic tract

MRN Midbrain reticular nucleus

Opt Optic tract

RT Reticular nucleus

SNr Substantia nigra pars reticulata �

STN Subthalamic nucleus �

TH Thalamus uncharted �

VL Lateral ventricle

VPL Ventral posterolateral nucleus �

ZI Zona incerta �

For optimal profiles I and II, the most effective stimulation sites coincide, but
with different current amplitudes (-60 µA and -40 µA, respectively). It should
be noted, however, that the sites are located outside of the 1 mm box around
the STN, and can be considered as EPN targeting. For profile I, a comparable
solution (+9% of the Canberra distance) is found in the close vicinity of the
nucleus, but it is not the case for profile II (+54%). The most favorable
stimulation site for profile III is located in the vicinity of the STN (-60 µA),
and different depths of the implantation can be considered (see Fig. 4.24,
middle row).

For the unconventional signals, only results of the grid search are presented.
The performance of these protocols31 is significantly lower in comparison with
grid solutions for the rectangular pulse for all three profiles: +130%, +54%

31Results among the unconventional signals are comparable, but, on average, the decreas-
ing ramp shape performed better.
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and +166%, respectively. Hence, the efficiency of these signals for the partic-
ular problem is questionable. If they are to be tested in animal experiments,
the ramp pulses are preferred over the centered triangular due to the relative
energy efficiency. The spectrum of the latter contains more power at the lower
frequencies, at which the impedance is significantly higher due to the electrical
double layer [96].

The custom design electrode also performs worse than SNEX-100 (+53%,
+24%, +9%), though the difference is moderate for optimal profile III. The op-
timized stimulation sites are comparable among the electrodes, with a slightly
more dorsal placement of the custom design. The overall lower efficiency is
attributed to the field focalization, while the stimulation of the spatially dis-
tributed axons would require higher current amplitudes, which are, however,
limited by the charge density per phase. It can be concluded that the custom
electrode is less applicable than SNEX-100 for simultaneous neural modulation
in several pathways.

For the considered optimal profiles, the optimized implantation sites are lo-
cated anterior and lateral to the STN, independent of the electrode and signal
type (see Fig. 4.26). It is of no surprise since the reconstructed hyperdirect
pathway, moderately activated in the profiles, terminates in this area. How-
ever, the fact that the optimized electrode trajectories reside in the vicinity
of the EPN is not fully consistent with reports on EPN-DBS, which has been
shown to be inefficient against parkinsonian symptoms [217] in contrast to GPi-
DBS in humans. Furthermore, an electrode implantation for optimal profiles
I and II might induce a significant lesioning of the caudal EPN and the path-
ways of interest: OSS-DBS reported that 21% and 18% of streamlimes in the
pallidothalamic and hyperdirect pathways, respectively, intersected with the
SNEX-100 geometry or the encapsulation layer. Taking into account probable
inaccuracies of the diffusion based tractography for collaterals of the hyperdi-
rect pathway, it is advised to pursue a more conservative implantation strategy,
which can be defined according to Fig. 4.22 and Fig. 4.23. Most importantly,
the goal functions shown in the figures reveal an overlap of the optimal sites
in 0.5 mm vicinity of the STN center of mass. This finding implies that var-
ious activation profiles might be tested in one animal only by adjusting the
stimulation current.

4.4.3 Effect of uncertainty in tissue conductivity

Since pathway activation modeling involves various uncertain parameters, re-
porting exact activation rates for the optimized implantation sites might not
be reasonable. A major uncertainty in the model is introduced by the brain
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4.5 Limitations of the pathway activation

modeling

Apart from simulation inaccuracies that are inherent to volume conductor
modeling 34, additional limitations are introduced by the parameteric uncer-
tainty of pathway activation modeling. First of all, reconstruction of path-
ways using diffusion based tractography and basic anatomical considerations
is prone to generate both false positive and false negative trajectories. The
latter is predominant in the thesis since a conservative strategy was pursued
during the reconstruction. As it was conducted using the rat brain atlas,
averaged among six healthy animals, and the diffusion data, obtain in one an-
imal, an assumption of low individual and disease related variability had to be
made35. Secondly, the local subthalamopallidal circuitry was not reconstructed
since no clear distinction between the direct and the indirect pathway could
be observed with the employed approach. Yet, even interpretation of pathway
activation results is challenging for these short projections that are greatly
affected by the electrode implantation. Furthermore, data on the pathway-
specific axonal morphology are scarce, and even within a pathway, there might
be significant differences in myelination ergo excitability of neurons. In gen-
eral, one can argue that even smaller fiber diameters should be considered for
rat brain modeling [204]. Apart from that, the thesis did not elaborate on
the SNr projections, since they were not discussed in the presented studies on
pathway activation in human DBS. While the SNr is functionally similar to
the EPN in the basal ganglia circuitry, its structural connectivity is unique,
and inclusion of the corresponding pathways is important for an accurate rep-
resentation of the DBS-induced neuromodulation. Nevertheless, following the
state-of-the-art methods, the presented study was able to elucidate the trans-
latability problem formulated in this thesis.

34Among those are inaccuracies arising from tissue segmentation, conductivity and
anisotropy assessment, simplification of the effects on the electrode-tissue interface, etc.

35In [45], it has been show that individual variations within the same strain and sex are
not extensive.



Chapter 5

Conclusion

The aim of this thesis was to evaluate the translatability of DBS studies in
humans and rodents using modeling techniques of brain stimulation. Although
clinical effects of DBS on PD motor symptoms have been reliably reproduced
in rodent studies [220, 221, 222], it is not yet clear how similar mechanisms
of action are in these brains of the radically distinct anatomy. Importantly,
discrepancies in the mechanisms could lead to unsuccessful translation of find-
ings discovered in animal studies to clinical practice. Therefore, it is crucial
to conduct comparative analysis not only for behavioral outcome but also for
electrophysiological and neurochemical changes induced by the stimulation.
Complementary to in vivo research and analysis of biological samples, in silico
computational models can be employed to simulate various aspects of DBS
that are impossible or extremely challenging to be studied directly. Further-
more, such models can provide an additional guidance to increase the integrity
of animal experiments.

It is well known that DBS exerts a wide range of electrochemical and biological
effects on a different temporal and spatial scale. In the context of motor symp-
toms’ treatment in Parkinson’s disease, fast emerging alleviation of tremor and
rigidity is observed [223], supposedly caused by the DBS-induced neuromod-
ulation. In particular, altering the extracellular electric potential creates a
short-term depolarization of the neural membrane that might lead to an ini-
tiation of action potential. Nowadays, it can be stated that computational
models allow simulating these effects with a certain level of confidence. By
incorporating heterogeneity, anisotropy and dispersiveness of brain tissue in a
volume conductor model, a highly accurate electric field distribution in space
and time can be obtained. For large-scale neural simulations, cable equation
models of different complexity were suggested, which can be solved efficiently
using advanced methods of numerical integration. The placement of these ab-
stract neurons in the volume conductor model may be inferred from medical

92
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imaging, e.g. axon allocation can be conducted based on water diffusion in
white matter fibers.

In the course of my doctoral studies, these and other relevant methods were in-
corporated into the simulation software OSS-DBS [140] that was later used to
conduct various studies [51, 61, 144, 145], both in human and rodent DBS. In
this thesis, OSS-DBS was employed for two distinctly different analyses. First,
local effects of rat STN stimulation were modeled. Apart from computing the
volume of tissue activated and its approximations, a direct effect of the elec-
tric field on isolated neurons (soma and dendritic trees) was investigated. The
second part of the thesis focused on the stimulation of white matter tracts as-
sessed in OSS-DBS using pathway activation modeling. Applying this method
to clinical data on motor improvement in Parkinson’s patients allowed us to
evaluate the DBS performance based on fiber recruitment in specific tracts and
derive a theoretical 100% improvement pathway activation profile. Further-
more, the role of pathway activation was studied in the context of DBS input
to the simulated human basal ganglia-thalamo cortical network. The network
architecture was partially inferred from structural connectomes, and it could
reproduce normal and PD state electrophysiological data acquired from the
literature. As a result of the network optimization, two activation profiles
were suggested that theoretically lead to normalization of the neural activity
in the ventral anterior thalamus, which receives the basal ganglia output.

Next, the feasibility of reproducing these profiles in rat STN was evaluated.
For that, a fiber tractography and a pathway classification had to be con-
ducted using water diffusion data and a digital atlas of the rat brain [45].
Further, an optimization problem for pathway activation had to be solved to
determine electrode placements and current amplitudes that led to the closest
match with the three optimal profiles. To address field focalization and en-
ergy consumption concerns, the problem was solved for two distinctly different
electrode configurations and four pulse shapes. Moreover, for both local and
pathway activation analyses, OSS-DBS was coupled with an uncertainty quan-
tification software to assess the influence of variation in brain tissue properties
and implantation precision on the extent of neural activation.

Based on this work, the following results were obtained, and conclusions could
be drawn. According to the volume of tissue activated modeling for rat STN-
DBS, the local activation is not limited to the nucleus but could also spread
to the adjacent EPN and SNr. Furthermore, for cranial implantations, in-
tended to spare the targeted nucleus, there is a high probability of activa-
tion in the dorsal structures when using bipolar electrode configurations. To
tackle the latter issue, a novel lead design was suggested [145] that provided
a higher focalization of the electric field below the electrode tip. Neverthe-
less, an activation could not be fully avoided in the EPN and SNr for axon
models oriented along the posteroanterior axis of the rat brain. On the other



94 CHAPTER 5. CONCLUSION

hand, the sensitivity analysis revealed that the main factor leading to the ac-
tivation is a misplacement of the electrode along this axis, which could be
reduced by improvements in the methodology of stereotactic surgery. It was
also demonstrated that DBS could directly activate neurons by depolarizing
cell membranes and dendrites. However, the extent of activation and the fi-
delity was low for a conventional 130 Hz DBS signal, and it was concluded
that axonal rather than somatic activation is the primary mechanism of direct
neuromodulation in DBS, which is in accordance with previous studies [101].

When analyzing the clinical effects of axonal activation, it could be observed
that a balanced recruitment of several pathways rather than activation of par-
ticular tracts correlates with a general UPDRS-III score improvement. It is
important to remember that STN-DBS affects not only projections of the nu-
cleus, but also passing fibers. Although it is usually discussed in the context of
the internal capsule activation, which might produce side-effects, recruitment
of other pathways were shown to be beneficial for alleviation of motor symp-
toms. For example, activation of the cerebellothalamic pathway is associated
with tremor improvement [25, 166, 167], and the effect was also reported in
this thesis. In [144], it was demonstrated that motor improvement in STN-
DBS can be achieved by stimulation of the afferent hyperdirect pathway and
the passing pallidothalamic pathway while avoiding a current spread to the
internal capsule.

An electrophysiological insight into the mechanism could be gained by mod-
eling DBS effects in the basal ganglia-thalamo-cortical network. In the thesis,
one particular aspect was investigated, namely, a thalamic rebounding after
pallidal bursting, that had been demonstrated to correlate with PD-like mo-
tor symptoms in mice [9]. By optimizing a DBS-induced pathway activation,
the pathological rebounding was reversed to a single-spike mode. Curiously,
the optimal activation rates were highly dependent on a short-term synap-
tic depression in the pallidothalamic projections36, and differed considerably
from the pathway activation profile derived in the study on clinical effects.
When simulating the synaptic depression, a high recruitment of the STN–GPi
projections was suggested, which effectively disrupted the abnormal β−band
synchronization in the basal ganglia. Furthermore, moderate activation rates
were assigned to the hyperdirect and the pallidothalamic pathways. In the
network, it could be observed that a high-frequency DBS and the short-term
synaptic depression create a γ−band pacing effect in the thalamus, which
might facilitate propagation of the physiologically relevant information from
the basal ganglia. The effect of the hyperdirect pathway activation has to
be further investigated. On the one hand, it could serve as an imbalancing
excitatory factor in the abnormally synchronized basal ganglia. At the same

36Though there is an evidence of the synaptic depression [185], it is not yet clearly
characterized.
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time, high-frequency DBS can create an "informational lesion" that disrupts a
pathological high β−activity from the cortex [6].

The central question of this thesis was whether pathway activation profiles,
obtained in these two studies, could be reproduced in rat STN-DBS. The re-
sults of optimization for the electrode placement and the current amplitude
indicated that two out of three profiles could be roughly approximated on
the reconstructed pathways.37 Notably, no activation in the cerebellothala-
mic tract was observed, though it might be partially explained by missing
trajectories due to the conservative reconstruction strategy. The uncertainty
quantification analysis revealed a non-negligible effect of the variation in the
white matter conductivity on the activation rates, especially in the hyperdi-
rect pathway. Therefore, a current adjustment might be required, though one
should bear in mind that uncertainties in tissue properties also significantly
affect the electric field distribution for the current-controlled mode, unlike un-
certainties in the electrode-tissue interface.

It can be concluded that the translatability of pathway activation profiles be-
tween human and rat STN-DBS is feasible but limited. Apart from significant
differences in the brain anatomy, the primary reason is a simplified electrode
design, usually restricted to concentric monopolar or bipolar configurations.
Furthermore, rodent DBS electrodes impose a relatively large neurological
damage, while implantations cranial to targeted nuclei might lead to a DBS-
induced activation in the adjacent structures. In general, precise electrode
placement is challenging in rodent surgeries [51], and in Chapter 3 it was
shown to be a major factor in the non-targeted stimulation that can compro-
mise the integrity of animal experiments. Nevertheless, the results presented
in this thesis suggest that comparable neuromodulatory effects of DBS can be
reproduced in the rat basal ganglia, under the stipulation that the listed issues
are addressed in the experiment design.

5.1 Outlook

The main methodological contribution of my doctoral studies is the release of
OSS-DBS software that encapsulates various aspects of advanced DBS model-
ing. An important milestone of the development was the integration of OSS-
DBS with Lead-DBS, a toolbox for processing medical imaging, which facil-
itates patient-specific studies. The coupled software was already employed
in [144] and in several undergoing studies that investigate fiber recruitment
during DBS. A short-term goal for the OSS-DBS team is to show the utility of

37Whether these optimal profiles could be attained in human STN-DBS was not in-
vestigated in the thesis. However, it was shown that the profile associated with clinical
improvement could be approximated just after several optimization steps.
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pathway activation modeling and establish it as a part of the clinical routine
for DBS programming, especially since complexity of the latter gradually in-
creases with the growing number of electrode contacts and complex stimulation
patterns. If proven successful, the software could be further extended for the
use in pre-operative planning, where optimal stimulation sites and parameters
will be evaluated based on out-of-sample predictions.

Although OSS-DBS already uses empirically robust discretization and FEM
algorithms as well as parallel processing, further improvement of performance
is possible and desirable, especially for clinical application. For example, more
mathematically sound refinement algorithms should be considered, which could
be further accelerated with parallelization using a message passing interface
(MPI)38. Furthermore, the utilized FEM formulations could be adjusted to
allow explicit modeling of multicontact current-controlled mode and electro-
tissue interface.

In the context of rodent DBS, routine application of pathway activation mod-
eling is obstructed. One of the main reasons is a lack of an established pathway
atlas. Although diffusion based tractography can delineate major white mat-
ter tracts, its accuracy is limited. Moreover, conducting tracts-to-pathways
classification based solely on geometrical considerations might lead to a large
number of false negatives. The ideal solution would be to adopt best practices
of pathway reconstruction in human brain, utilizing histological and structural
MRI data, accessed by expert neuroanatomists via a holographic interface as
in [123]. Another aspect not addressed in this thesis but crucial for rat STN-
DBS translatability is the extent of activation in pathways that are usually
not recruited in human brain stimulation, e.g. the medial lemniscus.

In the thesis, it was also shown that uncertainties in brain tissue conductivity
have a significant influence on pathway activation. The nature of these uncer-
tainties is rather epistemic than aleatoric, and they partly occur due to the
lack of a unified methodology for conductivity measurements. In animal re-
search, invasive in vivo approaches could be employed, for example, the method
proposed in [60]. It should be noted that if the specified conductivities signif-
icantly differ from the probability density functions considered in Chapter 4,
then the optimization of electrode placement and current amplitude will have
to be repeated. Another factor of uncertainty is the electrode-tissue interface.
Although the current-controlled mode, usually used in rodent DBS, effectively
compensates for the interface impedance, it is still important to gain a better
understanding of the interface effects, and especially the electrical double layer.
This is of concern considering higher impedances and the nonlinear regime at
high overpotentials, where irreversible faradaic reactions might occur.

38Although an MPI version of mesh refinement was implemented in OSS-DBS using
FEniCS routines, it was not stable when a large number of cores was drawn.
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Nevertheless, these hurdles are surmountable, and the further advance in com-
putational modeling for animal DBS research is inevitable. Its primary task
is to facilitate thorough planning of experiments necessitated by strict regu-
lations of animal welfare. For instance, modeling can provide an insight into
stimulation targets and protocols that are the most efficient for hypothesis
testing. Such a study was conducted in this thesis for suppression of patholog-
ical thalamic rebounding, which was achieved by optogenetics in mice [9], but
has not yet been tested in rodent DBS. Furthermore, the incorporation of mul-
timodal electrophysiological recordings into the computational model allows to
analyze systematically complex network effects, which is of a great interest for
network disorders such as PD. For example, the model can be employed to in-
vestigate the inefficiency of EPN stimulation in contrast to GPi [217], which in
turn could expand our understanding of the DBS mechanism. Computational
modeling could also drive the development of novel stimulation setups, e.g.
using microelectrode arrays for pilot studies on a targeted pathway activation
and a coordinated reset approach.



Appendix A

Appendix

A.1 Mesh refinement

This section is a part of the OSS-DBS publication [140] and it describes the
implemented mesh refinement routines.

As was previously mentioned, the convergence of the solution on neuron model
compartments is the criterion for mesh adaptation. The adaptation is carried
out in two steps. At first, the algorithm evaluates the effect of CSF refine-
ment on the pointwise solution for the magnitude of the electric potential,
represented by ϕaim. CSF is 10–20 times more conductive than grey and white
matter, and therefore the accurate mapping of CSF space is crucial. The adap-
tive algorithm starts by refining all cells that contain CSF voxels and reside in
the vicinity of the deployed neuron models until the cells do not exceed a cer-
tain size, e.g. MRI voxel dimensions. Next, ϕaim is computed on the obtained
mesh. The CSF refinement trigger criterion is defined as
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ϕaim − ϕk

Vdrop
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> ΘCSF, (A.1)

where ϕk is the solution in the k-th refinement iteration, Vdrop is the magnitude
of the voltage drop across the tissue, and ΘCSF is the deviation threshold for the
electric potential on the neuron compartments during CSF refinement. The
zero iteration corresponds to the initial mesh and the subsequent iterations
have descending cell size for CSF voxels.

In the second step, the refinement is carried out in the three brain regions
separately (the region of interest, rest of the tissue and the vicinity of contacts)
in order to reduce the computational effort. Firstly, a submesh is refined
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uniformly and ϕnew is computed. The trigger criterion for adaptive refinement
is

�
�
�
�
�

�
�
�
�
�

ϕnew − ϕold

Vdrop

�
�
�
�
�

�
�
�
�
�
∞

> Θϕ, (A.2)

where Θϕ is the deviation threshold during adaptive refinement. If Crite-
rion A.2 is not fulfilled, the algorithm refines cells in the subdomain on the
initial mesh, where the change of the solution for the electric field E is above
the relative field deviation threshold ΘE
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computes ϕnew and checks Criterion A.2 again. Further refinement will be con-
ducted on the mesh from the preceding iteration. If the required convergence is
achieved, the adapted region will be tested again with a uniform refinement to
avoid the local convergence effect. Note that the trigger criteria are evaluated
on the compartments of the neuron models when the meshes are compared
qualitatively. However, to locate cells with a poor convergence, Criterion A.3
is estimated on midpoints of cells in the region.

The current-controlled mode requires an additional evaluation of a current con-
vergence criterion. The criterion is based on the change of currents integrated
over mesh interfaces of electrode contacts. If the change due to refinement
exceeds a prescribed threshold, the refinement algorithm looks for cells where

n�
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|J(r)|dΩ

n�

i=1

˚

cell

|J(r)|dΩi

> ΘJ, (A.4)

Here J(r) is the complex current, Cell refers to the cell in the initial mesh,
n is the number of cells that comprise Cell in the refined mesh and ΘJ is
the relative deviation threshold for the current. This condition will not be
evaluated in the cells with small currents as their refinement will not influence
the solution. It is important to note that the current is not dependent on
the potential itself, but its spatial derivative. Therefore, in order to ensure
a non-constant gradient over a cell, the platform employs at least the second
order basis functions for the evaluation of the electric potential.
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A.2 Modeling of human STN-DBS

This section lists settings that were used in the study on pathway activation
and its correlation with UPDRS-III score improvement [144]. For further de-
tails on the retrospectively recruited cohorts, please refer to the publication.

Table A.1: Simulation settings.

Electrode type: Boston Scientific Vercise (Cartesia)

DBS pulse type: rectangular (low amplitude charge-balancing)

DBS pulse width: 20–60 µs

DBS repetition rate: 79–185 Hz

DBS mode: multipolar current-controlled

Simulation coordinates: native (patient-specific)

Computational domain: 80 mm spherical approximation around target

Brain heterogeneity: segmentation of MRI preoperative T1

Brain anisotropy: co-registered diffusion atlas [67]

Fiber trajectories: co-registered pathway atlas [123]

Brain dispersiveness: according to [58] with a correction from [59]

Laplace’s formulation: quasistatic (Eq. 2.14)

Solver: GMRES [139]

Spectrum truncation: octave band method [61]

Mesh refinement: disabled (manually pre-refined)

FEM element order: 3rd

Thickness of encapsulation: 0.1 mm

Encapsulation conductivity: same as white matter

Constant phase element: disabled (current-controlled mode)
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CbP Cerebellar peduncles

EPN Entopeduncular nucleus

GPe External globus pallidus

GPi Internal globus pallidus

HDP Hyperdirect pathway

HI Hippocampal formation

HY Hypothalamus

IC Internal capsule

M1 Primary motor and premotor cortex

M1/M2 (rat brain) Sensorimotor regions of cortex
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Δ Difference operator
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ited due to the relative remoteness. Note that stimulations lead
to a modulation of the basal ganglia output to the thalamus. . . 6
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segment of the dorsal pallidum, EPN – entopeduncular nucleus
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activation patterns in the hyperdirect (blue), the cerebellotha-
lamic (green) and the pallidothalamic pathways (red) are com-
parable in human and rat from the modeling perspective. . . . . 9
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The image is adapted from [47]. . . . . . . . . . . . . . . . . . . 10

2.1 Rectangular DBS signals with different repetition rates (left,
note the time lapse) and the magnitude of their power spectra
(right). The contribution of individual frequency components
is important in the context of dispersive dielectric properties of
brain tissue. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.2 Alternative triangular DBS signals with a 130 Hz repetition
rate (left) and the magnitude of their power spectra (right).
Note that the signal depicted in orange is cropped due to the
inappropriately large time step. . . . . . . . . . . . . . . . . . . 13

2.3 Two types of charge balancing for a 130 Hz DBS signal (left)
and the magnitude of their power spectra (right). Note the shift
to higher frequencies for the biphasic symmetric pulse. The left
plot also illustrates the ratio of the pulse width to the signal
period. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.4 Dielectric properties of the main brain tissue types in the fre-
quency domain. The dispersive values were taken from Gabriel
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XII



2.5 Tissue–voltage response for different DBS power spectrum ap-
proximation methods [61] when solving the electroquasistatic
formulation of Maxwell’s equations. Here, the cutoff method
picks the first 500 frequencies in the spectrum, while the high
amplitude method picks 500 frequencies with the largest con-
tribution. The octave bands deployed over the power spectrum
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2.8 Effect of complexity of a volume conductor model. Note that for
DBS modeling, a brain geometry can be usually approximated
with an elliptic or spherical domain. Left: a segmentation of
brain tissue mapped onto an FEM mesh. Grey and white mat-
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2.9 An example of elliptic representation of conductivity tensors
in the vicinity of the STN obtained using [75] and [74] scaling
methods, respectively. Note that the former yields a higher
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author’s book chapter [64] with a permission of the publisher. . 21
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2.11 Electrode–tissue interface. Top left: the equivalent circuit of
the interface for monopolar stimulation with highlighted domi-
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on inactive contacts that are sometimes used for measurements.
The image is adapted from the author’s book chapter [64] with
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2.12 Action potential initiation in response to a current injection.
The resting potential (here ≈-60 mV ) is a relatively constant
membrane potential that originates from differences in mem-
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2.13 Electron microscopy of myelinated axons. Left: nodes of Ran-
vier are located at the gaps of myelination. Right: a cross-
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2.14 McNeal’s circuit representation of a myelinated axon [104] com-
posed of three components: the ideally insulating myelin sheath
(violet), the nodes of Ranvier (orange) and the axon itself.
The conductances and capacitances are marked with the cor-
responding subscripts, where the nodal conductance Gn =
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chapter [64] with a permission of the publisher. . . . . . . . . . 31
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different volume conductor models. From left to right: acti-
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2.20 An example of mesh refinement based on the electric field con-
vergence. Left: the distribution of the electric field magnitude
(log scale) on the electrode surface and FEM elements marked
for a subsequent refinement. Note the high magnitude at the
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3.1 Direct local activation induced by rat STN-DBS. Top left: the
geometry of the STN projection neuron [113] in comparison to
the STN (in orange) and the stimulating tip of the bipolar elec-
trode SNEX-100 with a 50 µm encapsulation layer (in red). Top
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3.2 Volume conductor model for rat STN-DBS. A: the distribution
of grey and white matter, depicted with the corresponding col-
ors, as well as CSF (blue) and the encapsulation layer (red). The
STN in shown in orange. The electrode is assumed to be highly
conductive and removed from the model, preserving the appro-
priate boundary conditions. The large computational domain is
shown here for visualization purposes, but can be significantly
truncated for the bipolar stimulation. B: the elliptic represen-
tation of conductivity tensors obtained based on water diffusion
data [45] and scaled using the volume conservation method [75].
C: the electric potential distribution in the vicinity of the elec-
trode contacts. Due to the linearity of Eq. 2.14, the solution
can be scaled to compute activation for different amplitudes. . . 48
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axon, see Fig. 3.1, top left) to the DBS-induced extracellular
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first order Sobol’ indices for the VTA arrays. The precision of
the electrode implantation is found to be the dominant factor,
especially for the non-targeted nuclei. . . . . . . . . . . . . . . . 50

3.5 Assumed probability density functions for the thickness of the
encapsulation layer (A), its conductivity scaling (B), and the
deviation from the implantation site along the posteroanterior
axis of the rat brain (C). . . . . . . . . . . . . . . . . . . . . . . 51

3.6 VTA contours in coronal (left) and sagittal (right) planes com-
puted for the precise cranial implantation (red – activated axon,
blue – excluded due to the intersection with the electrode or
CSF). Activation in the SNr occurs due to the membrane po-
larization on the axons oriented towards the STN. . . . . . . . . 51
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3.7 Activation in the STN and adjacent EPN and SNr for a cranial
implantation of a custom electrode with the blunt tip design. A:

schematics of the custom electrodes (adapted from [145]). B:

|E|2-based VTA approximation (> 0.323 V/m in red, >0.2 V/m
in yellow). C: statistical metrics for the VTA arrays (STD –
standard deviation, P5 and P95 are the 5th and the 95th per-
centile, respectively). Note the higher overall activation than
for the SNEX-100 electrode. D: the first order Sobol’ indices
for the VTA arrays. Again, the precision of the electrode im-
plantation is found to be the dominant factor, but in this case
the radius of the encapsulation has a prominent effect on the
VTA in the STN. . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.8 Field focalization for the cranial implantation (coronal view).
Left: brain structures above the STN, which are likely to be
affected by the implantation (ZI – zona incerta, Th – thalamus,
HY – hypothalamus, VPM – ventral posteromedial nucleus).
The rest: VTA contours for SNEX-100 and the custom elec-
trodes (blunt tip and spherical rounding), respectively. Note
the difference in the extent of tissue affected by the implanta-
tion (marked in blue). . . . . . . . . . . . . . . . . . . . . . . . 53

4.1 Circuit diagram of the basal ganglia pathways in the normal
(left) and the parkisonian (right) states. Line weights reflect
the activity levels of the pathways. The parkisonian state is
characterized by a loss of dopaminergic cells in the substantia
nigra (SN) that produces an imbalance in the striatum. In turn,
it leads to a bursting activity in the basal ganglia output, which
can induce rebounding in the ventral anterior nuclei of the thala-
mus (VA). STN – subthalamic nucleus, GPi and GPe – internal
and external regions of the globus pallidus, respectively, MC
and PMC are the motor and premotor cortical regions, SMA –
supplementary motor area, D1/D2 – dopamine receptors. Note
that in the human brain, the pallidosubthalamic pathway con-
sists of two tracts: ansa lenticularis and lenticular fasciculus. . . 56

4.2 Some passing and local projections potentially affected by STN-
DBS. The pathways are taken from [123] and visualized in Lead-
DBS. The chosen electrode placement (inside the motor aspect
of the STN) is efficient for motor symptom alleviation in Parkin-
son’s disease. Note that the electrode passes through the sub-
thalamopallidal pathways, potentially leading to a significant
neurological damage or neuron migration. . . . . . . . . . . . . 57
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4.3 Dataflow for pathway activation modeling in the patient-specific
space. Based on patient imaging and brain atlases, Lead-DBS
(orange box) reconstructs the electrode position and provides
a description of tissue and water diffusion distributions in the
brain. These data are used by OSS-DBS (green box) to create an
accurate patient-specific volume conductor model. The model is
then employed to compute the electric potential distribution in
space and time along axon models allocated on the trajectories
described by a pathway atlas. Finally, for the given distribution,
the cable equation is solved to probe the axonal activation, i.e.
the occurrence of an action potential in response to DBS. The
image is taken from [144]. . . . . . . . . . . . . . . . . . . . . . 59

4.4 Violin plots of pathway activation rates across both cohorts.
M1 and PMC refer to the primary and premotor cortical re-
gions, SMA – supplementary motor area; cf and hdp are the
corticofugal and the hyperdirect pathways, respectively; Ansa –
ansa lenticularis, Lent – lenticular fasciculus, CbTh – cerebel-
lothalamic pathway; l, f, up - lower extremity, face-neck region,
and upper extremity in the primary motor cortex. The cohorts’
datapoints provide a wide coverage of the pathway activation
space. Noteworthy is the nearly zero activation across both co-
horts in the corticofugal branch descending from the region of
the lower extremity in the primary motor cortex. The image is
adapted from [144]. . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.5 Left: an example of a target profile derivation from two DBS
protocols in a 2-D pathway activation space. Values of Pi de-
note the corresponding UPDRS-III scores for patient i, "+" and
"-" subscripts refer to the more and less effective stimulation
protocols, respectively. Note that in our problem the pathway
activation space had 16 dimensions. Right: the intrapatient in-
teprotocol UPDRS-III improvement in the training cohort with
and without the normalization by the mean of activation rate
differences. The highlighted datapoints were used to derive Atarget. 61

4.6 Key pathways in the target profile, which activation rates were
decisive for UPDRS-III improvement. The box plot on the right
shows the optimized weighting factors of the Canberra distance
computed with the ’leave-one-out’ approach in the training co-
hort. Note the low number of outliers. The contribution of the
cerebellothalamic pathway was not significant in the target pro-
file, but its activation correlated with interprotocol UPDRS-III
improvement. The image is adapted from [144]. . . . . . . . . . 62
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4.7 Correlation of UPDRS-III improvement in the training (left)
and the test (right) cohorts with the weighted Canberra distance
(defined in the pathway activation space) to the target profile
derived based on three patients with the highest normalized
interprotocol UPDRS-III improvement. Colored lines between
the datapoints highlight the interprotocol binary correlation in
the training cohort (green – valid prediction, black – false). The
image is adapted from [144]. . . . . . . . . . . . . . . . . . . . . 63

4.8 An example of electrode placement in the STN (MNI space)
with a low weighted Canberra distance to the target profile (de-
fined in the pathway activation space). A half of the lenticular
fasciculus was considered "damaged" by the implantation (in-
tersected with the electrode or the 0.1 mm encapsulation layer
around it), while the rest were recruited by the DBS. Note that
no activation was computed for the cerebellothalamic pathway. . 64

4.9 Effect of activation in the cerebellothalamic pathway on tremor
alleviation in the training cohort. Left: no correlation was ob-
served between activation rates and tremor improvement from
baseline. Right: the interprotocol difference in activation
rates correlated with the corresponding difference in the tremor
scores. The image is taken from [144]. . . . . . . . . . . . . . . . 65

4.10 Raster plot of a simulated motor cortical activity in the resting
state. Oscillatory patterns were modeled with a broad normal
distribution centered at 18 Hz. In the PD affected network,
the firing in the β-band is increased (see Fig. 4.12), though it
cannot be directly observed in the raster plot. . . . . . . . . . . 68

4.11 Simulated single unit activity in the ventral anterior thalamus
shown for two representative neurons. Left: a regular single-
spike mode in the normal state. Right: in the PD state, re-
bounding occurs in response to the bursting inhibition via the
pallidothalamic pathway. . . . . . . . . . . . . . . . . . . . . . . 68

4.12 Normalized power spectra of the simulated mean activity in the
normal (left) and PD-affected (right) network. Note that the
β−activity was present in the basal ganglia in both states, but
became more prominent in PD due to the abnormal synchro-
nization. Low levels of artificial noise in the simulated basal
ganglia nuclei eliminated the 1/f trend at the low frequencies. . 69
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4.13 Modeling network effects of DBS for normalization of the ven-
tral anterior thalamic firing. Left: optimized activation rates
induced by DBS without a short-term synaptic depression of
GABAergic synapses of pallidothalamic neurons. Center: the
same with the synaptic depression. Note that in both cases
the subthalamopallidal pathways had a large difference in the
optimized activation that cannot be achieved with conven-
tional DBS electrodes. Right: normalized power spectra of
the simulated mean activity of VA-thalamic neurons in four
network states. For both DBS-on cases, normalization of the
VA-thalamic firing was achieved by elimination of rebounding
bursts, but the mechanism was distinctly different (see Fig. 4.14). 69

4.14 Simulated single unit activity of two representative neurons in
the ventral anterior thalamus under STN-DBS. Left: without
the short-term synaptic depression in the pallidothalmic projec-
tions, the stimulation quenched activity in the receiving neu-
rons. Right: when the synaptic depression was modeled, the
neurons were regularly released from the DBS-induced inhibi-
tion, leading to a regular single-spike activity in the γ−band. . . 70

4.15 Coronal and sagittal views of brain structures relevant in STN-
DBS, visualized in a rat brain atlas [45]. M1/M2 – somatomo-
tor areas, EC and IC – external and internal capsule, respec-
tively, GPe – external segment of the globus pallidus. A delini-
ation of the ventroanterior/ventrolateral nuclei of the thalamus
(VA/VL) and the entopeduncular nucleus (EPN, an analogue
of the GPi in rodents) was conducted manually following [79]. . 73

4.16 Coronal view of the non-diffusion-weighted sequence S0 in the
masked and truncated HARDI data from [45]. The highlighted
region in the corpus callosum (CC) is used below to visualize
different diffusivity metrics. . . . . . . . . . . . . . . . . . . . . 74

4.17 Different representations of the voxel-wise defined diffusivity:
tensor ellipsoids (left) and orientation distribution functions us-
ing the constant solid angle and the constrained spherical de-
convolution methods, respectively. Note that all three methods
would be suitable for a reconstruction of the corpus callosum
fibers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
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4.18 Workflow of the pathway reconstruction for the hyperdirect and
the corticofugal pathways. First, tracts are seeded in the inter-
nal capsule and have to propagate to the somatomotor area of
the cortex. Second, fibers that pass far from the STN are auto-
matically removed. The rest are grouped depending on whether
they terminate in the vicinity of the nucleus. If not, the fibers
should merge with the cerebral peduncle or they are discarded
otherwise. Finally, a manual evaluation is conducted, which re-
moves outliers and non-physical trajectories; in this case these
were the fibers trespassing the external capsule. The fibers re-
maining in the two groups are considered the hyperdirect (blue)
and the corticofugal (orange) pathways. . . . . . . . . . . . . . . 75

4.19 Reconstruction of the cerebellothalamic (left) and pallidothala-
mic (right) pathways. For the former, more lateral trajectories
could be expected. Note the C-shaped trajectory of the pal-
lidothalamic pathway, which is in accordance to [205]. Cbf –
cerebellar fibers, RN – red nucleus. . . . . . . . . . . . . . . . . 76

4.20 Alternative approaches to fiber tractography considered in the
thesis. Left: an anatomically constrained tractography using
the constrained spherical deconvolution. Center: the constant
solid angle method with a thresholding by generalized fractional
anisotropy. Right: a probabilistic sampling of the orientation
distribution function. The tensor-based tractography generated
more physiologically plausible trajectories (see Fig. 4.18) possi-
bly due to insensitivity to secondary diffusion directions. . . . . 77

4.21 Allocation of axon models on the classified pathway trajectories.
The models are comprised of compartments that are depicted as
separate points. Note that compartments far from the STN are
not affected by the extracellular stimulation and are truncated
in order to reduce the computational costs. . . . . . . . . . . . . 80
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4.22 Optimizing rat STN-DBS to match the optimal profile that was
predictive for clinical motor improvement. Left column: op-
timized placement of the electrodes for various pulses in the
coronal, sagittal and axial planes of the rat brain atlas [45],
respectively. The planes are shown at the optimal position of
SNEX-100 (rectangular pulse), where the STN is not entirely
visible (its center of mass is marked in red, and the 1 mm vicin-
ity is highlighted). For abbreviations see Table 4.2. Right col-

umn: the goal function (the Canberra distance to the optimal
profile) visualized in the same planes (with ±0.1 mm aggre-
gation along the transversal axis) for the stimulation with the
rectangular pulse using SNEX-100. The results indicate that
the anterior lateral electrode placement relative to the STN is
the most effective for matching the pathway activation profile
suggested in [144]. . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.23 Optimizing placement of the electrodes for rat STN-DBS to
match the optimal profile that led to normalization of the neu-
ral activity in the ventral anterior nucleus simulated in the
basal ganglia-thalamo-cortical network (without the short-term
synaptic depression of pallidothalamic neurons). The goal func-
tion on the right is shown for SNEX-100, conventional rectangu-
lar pulse. The results indicate that the anterior lateral electrode
placement of relative to the STN is the most effective for the
normalization. For abbreviations see Table 4.2. . . . . . . . . . . 82

4.24 Optimizing placement of the electrodes for rat STN-DBS to
match the optimal profile that led to normalization of the neural
activity in the ventral anterior nucleus simulated in the basal
ganglia-thalamo-cortical network (with the short-term synap-
tic depression of pallidothalamic neurons). The goal function
on the right is shown for SNEX-100, conventional rectangular
pulse. The results indicate that the anterior lateral electrode
placement relative to the STN is the most effective for the nor-
malization. Note that different positions along the dorsal axis
are comparably effective. For abbreviations see Table 4.2. . . . . 83

4.25 Goal functions in the coronal, sagittal and axial planes com-
puted for profiles I, II and III (row-wise) when optimizing place-
ment of the custom electrode design with the blunt tip. The
planes are shown at the optimal position of SNEX-100 (rect-
angular pulse), and therefore minimal values might differ for
the same profile. Note that for profile II (coronal plane), a
suprathreshold activation of the corticofugal pathway can be
observed (trivial null-activation solutions were discarded if pos-
sible). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
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4.26 Optimized electrode placement (for profiles I, II and III) relative
to the classified pathways and relevant brain structures. For vi-
sualization purposes, only the trajectory (line with a sphere) is
shown for the custom electrode with the blunt tip, which per-
formed comparably to SNEX-100 for normalization of the neural
activity in the ventral anterior nucleus (with enabled short-term
synaptic depression of pallidothalamic neurons). Note that all
trajectories are anterior lateral to the STN and potentially cause
a neurological damage in the zona incerta (ZI). RT – reticular
nucleus of the thalamus. . . . . . . . . . . . . . . . . . . . . . . 87

4.27 Uncertainty in brain tissue conductivity. Left: stochastic scal-
ing factors for the conductivity are chosen from the normal
distributions, which standard deviations are derived from [60].
Right: actual conductivity values used in Eq. 2.14 over the
DBS power spectrum shown within the two standard deviation
margins (95.45%). . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.28 Activation rates in the corticofugal pathway computed on the
collocation points with Hammersley sampling, further used to
derive the surrogate polynomial expansion model. Rows corre-
spond to the optimized protocols for pathway activation profiles
I and III suggested in Table 4.1. No corticofugal activation was
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ways computed on the collocation points with Hammersley sam-
pling, further used to derive the surrogate polynomial expan-
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