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Abstract

Populations of neurons in our brain communicate through electrical
pulses. Brain-Computer Interfaces establish a link between this brain
activity and external devices or computers, by either recording it to ex-
tract information or by modulating it to achieve specific effects. While
the biological mechanisms generating electrical signals in neurons are
increasingly well understood, the underlying processes that translate
neural activity into human behavior and function remain poorly defined.
In Deep Brain Stimulation, a well-established therapy to alleviate symp-
toms in various neurological and psychiatric disorders, electrical pulses
are delivered to targeted regions of the brain. This thesis explores
patient-specific mathematical modeling to support clinicians in search
for effective Deep Brain Stimulation settings and to improve our un-
derstanding of how electrical stimulation influences neural popula-
tions. The main focus lies on model-based programming of Deep
Brain Stimulation settings, considering traditional Deep Brain Stim-
ulation targets, but also investigating the role of white matter tracts. It
also addresses the necessary model complexity to explain clinical out-
comes and highlights the importance of objective symptom quantific-
ation for improving the understanding and application of Deep Brain
Stimulation.
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Chapter 1

Introduction

The human brain has long been a subject of fascination, with early records of neur-
oscientific interest dating back to ancient Egypt [1]. Over the centuries, research
has made remarkable strides in understanding the brain’s structure and function.
However, despite this progress, we continue to struggle with profound questions
about consciousness, cognition, learning, and other aspects of how our minds work.

The brain is not only a vehicle for a number of cognitive processes, but can
also be viewed as the control system for the organism’s subsystems. These two
functions are not independent from one another, as highlighted by the philosoph-
ical mind-body problem: psychological events, such as feeling embarrassed, of-
ten manifest as a physical response like blushing, while physical states, such as
exercise-induced endorphin release, can influence psychological states, producing
effects like the runner’s high. This connection is the foundation of neuromodula-
tion, where targeted stimulation of neural populations has been shown to produce
diverse physiological and psychological outcomes. Beyond these theoretical chal-
lenges lies a more urgent need to understand how even small changes in the brain
can lead to significant consequences, as disruptions in its delicate balance underlie
numerous disorders.

Parkinson’s disease (PD) is one such condition, a neurodegenerative disease
caused by the loss of dopamine-producing neurons in the substantia nigra, which
leads to a wide range of symptoms such as bradykinesia (slowness of movement),
tremor, postural instability, and muscle rigidity. Patients often describe feeling
"trapped within their own bodies" due to the debilitating nature of the disease.
In addition, PD patients often experience a wide range of non-motor symptoms
such as anxiety, apathy, muscle pain, and impairments of speech and cognition.
These contribute to the overall burden of the disease and can significantly affect
the quality of life.

While there is currently no cure for PD, nor for many other neurological or psy-
chiatric disorders, ongoing research continues to explore ways to alleviate symp-
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Chapter 1. Introduction

Figure 1.1: DBS as a control system. Adapted from Paper III.

toms and improve the quality of life for those affected. One treatment option that
has gained increasing attention over the last decades is Deep Brain Stimulation
(DBS). In DBS, a lead is surgically implanted into a specific brain region, depend-
ing on the patient’s symptoms, and electrical stimuli, generated by an implanted
pulse generator (IPG), are delivered to the target area to modulate brain activity
and provide symptom relief. The effectiveness of DBS is highly patient-specific
and dependent on several factors including precise lead placement and the selec-
tion of stimulation parameters.

This thesis approaches DBS from a control engineering perspective. A schem-
atic illustration of DBS as a control system is given in Fig. 1.1, where stimula-
tion parameters serve as the input to the system, and symptom severity, evaluated
through quantification, represents the output variable. In an ideal scenario, the
feedback loop would be closed, enabling real-time adjustments based on the pa-
tient’s state. However, current practice primarily relies on an open-loop approach
to adapt stimulation settings. This limitation stems from the absence of reliable bio-
markers that comprehensively represent a patient’s overall state, including symp-
tom severity and stimulation-induced side effects.

Despite its clinical success, the mechanisms by which DBS alleviates symp-
toms remain largely unclear and are the subject of active research. This thesis
seeks to contribute this effort, by investigating mathematical modeling approaches
for understanding and optimizing DBS-induced symptom relief. DBS effects can
be modeled at different levels of complexity, from macroscopic volume of tissue
activated (VTA) approximations to detailed simulations of stimulation effects on
individual neurons or neuron populations. While Paper I and Paper II utilize VTA
models as a computationally efficient method for achieving a desired activation
profile and to predict stimulation settings, Paper III and Paper IV investigate more
detailed models that account for time-dependent stimulation spread, bipolar stim-
ulations, and neural response dynamics.
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Publications and Contributions

The four papers included in this licentiate thesis are brie�y summarized below,
along with their main contributions.

Paper I A. Frigge, L. Uggla, E. Jiltsova, M. Fahlström, D. Nyholm, and A. Med-
vedevTuneS: Model-based patient-speci�c optimal contact prediction in deep
brain stimulation. Under review, 2024.
This paper introduces an automated model-based programming pipeline called
TuneS. Leveraging patient-speci�c models of stimulation spread, TuneS provides
a research tool for systematically assessing DBS target effectiveness and op-
timizing stimulation parameters while considering anatomical constraints. The
utility is demonstrated at the example of a cohort of ten PD patients.

Paper II A. Frigge and A. MedvedevMixed Integer Linear Programming for Act-
ive Contact Selection in Deep Brain Stimulation. Under review, 2025.
This paper introduces a Mixed Integer Linear Programming (MILP) frame-
work for optimizing DBS programming by predicting the optimal current dis-
tribution across active contacts based on a prede�ned activation pro�le. Com-
pared to a Linear Programming (LP) approach, MILP achieves a closer match
to the desired activation pro�le but requires higher computational effort. Com-
paring the results to clinically applied settings yielded ambiguous results, high-
lighting the need for precisely de�ned target regions to translate mathematical
optimization into clinical practice.

Paper III A. Frigge, E. Jiltsova, A. Medvedev, D. NyholmNeural Fiber Activation
in Unipolar vs Bipolar Deep Brain Stimulation. American Control Confer-
ence, Toronto, Canada, 2024.
This paper presents a computational model to investigate how dynamic DBS
parameters, such as pulse width, frequency, and polarity, in�uence stimulation
of the Dentato-Rubro-Thalamic Tract (DRTT) in Essential Tremor (ET). The
results suggest that a minimum pulse amplitude threshold must be reached be-
fore adjustments in pulse width and frequency can effectively modulate neural
activity. Additionally, longer pulse widths were found to lower the required
stimulation amplitude, while bipolar con�gurations selectively in�uenced �r-
ing patterns depending on polarity and neural traf�c direction. These �ndings
highlight the need to consider dynamic stimulation parameters for more pre-
cise and effective DBS programming.

Paper IV A. Frigge, E. Jiltsova, F. Olsson, D. Nyholm, A. MedvedevFiber Activa-
tion by Bipolar Stimulation in Deep Brain Stimulation: A Patient Case Study.
International Conference on Mathematical Modelling, Vienna, Austria, 2025.
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This paper explores the potential of patient-speci�c mathematical modeling to
optimize DBS therapy for ET. Two computational approaches – the static VTA
model and the open-source simulation (OSS) neural �ber activation modeling
framework OSS-DBS – are compared in their ability to predict the effects of
different DBS settings on the DRTT. Results suggest that while �ber activa-
tion models better capture the impact of bipolar stimulation polarity, neither
model fully explains the observed symptom patterns, particularly the bilateral
effects of unilateral stimulation. These �ndings emphasize the need for more
advanced modeling approaches to improve DBS optimization.
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Chapter 2

Deep Brain Stimulation

Deep Brain Stimulation (DBS) is a type of Brain-Computer Interface (BCI), which
establishes a link between electrical brain activity and external devices or com-
puters. Figure 2.1 provides an overview of BCIs. BCIs are typically categorized
as either non-invasive e.g., Electroencephalography (EEG), Magnetoencephalo-
graphy (MEG), Transcranial Magnetic Stimulation (TMS), and Electroconvulsive
Therapy (ECT) or invasive e.g., DBS, Electrocorticography (ECoG), and Micro-
electrode arrays. In medical applications, BCIs are primarily used for two pur-
poses: 1) to modulate brain activity to restore biological functions such as cog-
nitive, sensory, or motor functions, and 2) to record brain activity and translate it
into control signals for external devices, such as robotic limbs or computer curs-
ors. While this thesis primarily focuses on DBS, which falls into the �rst category
(i.e., using neurostimulation to restore biological function), the principles and tools
discussed here could be extended to other BCI applications.1

2.1 History of DBS

2.1.1 Origins of Neurostimulation

The roots of neurostimulation can be traced back to earlier forms of neurosurgery,
which laid the groundwork for the development of modern DBS. In the 1930s,
neurosurgeon Wilder Pen�eld developed the "Montreal Procedure" to treat epi-
lepsy, which involved stimulating the brain with electrodes during surgery [2]. This
was one of the earliest forms of neurostimulation. In 1947, neurosurgeons Spiegel

1BCIs are closely related to neuroprosthetics, with the terms often sometimes interchangeably.
Both aim to restore biological functions such as vision, hearing, motor, and cognitive abilities. How-
ever, neuroprosthetics typically involve translating external stimuli, such as sound or light, into elec-
trical pulses to stimulate the nervous system. Examples of neuroprosthetics include cochlear implants
and retinal implants.
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Chapter 2. Deep Brain Stimulation

Brain-Computer Interfaces

Non-invasive
(EEG, MEG, TMS, ECT,...)

Invasive
(DBS, ECoG, Microelectrode arrays, ...)

Application
1) Modulatebrain activity

Restoring biological function

(cognitive, sensory-motor,...)

2) Recordbrain signals
Control external devices

(robotic limbs, computer cursor,...)

Figure 2.1: Overview of BCIs including non-invasive and invasive BCI applic-
ations. The primary functionalities of BCIs involve either modulation of brain
activity to restore biological functions or the recording of brain signals to control
external devices, such as robotic limbs or computer cursors.
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2.1. History of DBS

and Wycis invented a stereotatic frame and pioneered the �rst human use of ste-
reotactic surgery to treat psychiatric illnesses [3]. For about a decade onwards,
before the introduction of antipsychotic medications in the mid-1950s, procedures
such as stereotactic surgery and the much more invasive frontal lobotomy were con-
sidered necessary treatments for psychiatric patients. These treatments were seen
as vital solutions to the rising social and economic burden posed by psychiatric
disorders. However, with the advent of antipsychotic medications and increasing
criticism of controversial practices involving brain surgery, such treatments were
gradually replaced by more conservative and less-invasive approaches [4].

The use of neurostimulation in the treatment of movement disorders began to
take shape in the 1960s. A breakthrough occurred in 1968 with the introduction of
levodopa, a medication that signi�cantly improved the motor symptoms of PD [5].
Unlike the earlier surgical treatments, levodopa was inexpensive, safe, and non-
invasive, making it the �rst-line treatment for PD patients [4]. However, clinicians
soon realized that levodopa's effectiveness reduces over time and with disease pro-
gression. As a result, alternative therapies were required, leading neurosurgeons to
revisit stereotactic surgical procedures from the pre-levodopa-era [4].

2.1.2 DBS today

DBS is an effective and cost-ef�cient treatment method [6], primarily recognized
for its use in managing symptoms in movement disorders. Initially approved by
the U.S. Food and Drug Administration (FDA) in 1997 for the treatment of PD and
ET, DBS has since evolved as a therapeutic option for other conditions. Over the
years, its approval has expanded to include the treatment of dystonia, medication-
resistant epilepsy, and medication-resistant obsessive-compulsive disorder (OCD).
Beyond these applications, DBS holds potential in addressing a range of other dis-
orders, including depression, eating disorders, addictions, anxiety, and Tourette's
syndrome [7, 8, 9, 10, 11]. DBS is typically considered only in severe cases where
medication or less-invasive treatments have failed or no longer provide suf�cient
symptom relief. Eligibility depends on the speci�c disease and individual symp-
toms, requiring careful evaluation. As DBS involves brain surgery, potential risks
such as infection, bleeding, and hardware complications must be considered.

Before DBS became a standard therapeutic tool, severe cases of movement
disorders such as PD and ET were often treated with lesioning, also known as
surgical ablation therapy. This approach involves creating a lesion in speci�c brain
regions based on the patient's symptoms, such as the thalamus (thalamotomy),
globus pallidus (pallidotomy), or subthalamic nucleus (subthalamotomy). While
effective, lesioning has largely been replaced by DBS, as DBS offers a reversible
and adjustable treatment option. Lesioning is now typically reserved for patients
with severe movement disorders, who do not respond to medication, cannot tolerate
its side effects, or are unsuitable candidates for DBS [12].
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Chapter 2. Deep Brain Stimulation

More recently, Focused Ultrasound (FUS) has emerged as a non-invasive al-
ternative, receiving FDA approval for ET in 2016, tremor-dominant PD in 2018,
and PD dyskinesia in 2021. Like lesioning, FUS achieves tissue ablation in targeted
regions, but it does so using non-invasive, precisely focused ultrasound waves.

While all three methods can yield similar therapeutic effects, DBS is the only
reversible option, as the system can be turned off or even removed. In contrast, le-
sioning and FUS produce permanent, irreversible effects, including potential side-
effects. FUS stands out for being non-invasive, faster, and more cost-ef�cient [12],
while DBS requires surgery, ongoing programming sessions, and battery replace-
ments [13].

2.2 DBS Programming

DBS systems typically consist of an implanted lead connected to an Implantable
Pulse Generator (IPG) via a subcutaneous wire, as schematically illustrated in
Fig. 2.2a. Currently, a number of DBS leads from different manufacturers are
available, with a selection of those shown in Fig. 2.2b. These leads differ in the
number and arrangement of contacts, which can be activated individually or in
speci�c combinations, intended to provide �exibility in targeting speci�c brain re-
gions. Additionally, different types of IPGs offer varying levels of �exibility for
�ne-tuning of the stimulation settings.

(a) (b)

Figure 2.2: (a) A schematic illustration of a DBS system including the DBS lead,
the subcutaneous wire, and the IPG [14]. (b) Selection of lead models differing in
their number and con�gurations of contacts.

The process of adjusting different stimulation settings in a patient to �nd the most
effective con�guration is known as DBS programming. This involves not only se-
lecting the appropriate contacts and polarity, but also �ne-tuning dynamical para-
meters like pulse amplitude, pulse width, and frequency to achieve optimal thera-
peutic outcomes:
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2.2. DBS Programming

1. Amplitude: DBS systems initially applied a constant-voltage mode; how-
ever, due to impedance variations under chronic DBS, most IPG manufac-
turers have now shifted to constant-current systems as a safer option [15].
Sensitivity to stimulation can vary by patient, and may be in�uenced by sev-
eral factors like tissue conductivity, age, and disease progression.

2. Pulse width: Traditionally, the default pulse width at the initial program-
ming session is set to 60ms [16] in movement disorders. However, shorter
pulses of 30� 40ms have been shown to reduce stimulation-induced side-
effects, in cases where those appear [17, 18].

3. Frequency: In clinical practice, the default frequency used is 130Hz. The
effect of lower, higher, and variable frequency stimulation is subject of on-
going research [19, 20, 21].

The relationship between these parameters is depicted in Fig.2.3a, which illus-
trates a unipolar, cathodic DBS pulse train de�ned by stimulation amplitudeI0,
pulse widthpw, and frequencyf . In practice, each pulse is biphasic, as shown in
Fig.2.3b, to prevent net current accumulation in neural tissue.

pw

T = 1
f

I0

(a)

pw

I0

(b)

Figure 2.3: (a) DBS pulse train consisting of three pulses, de�ned by stimulation
amplitudeI0, pulse widthpw, and frequencyf . (b) A single biphasic pulse that
prevents net charge accumulation in neural tissue.

In clinical practice, DBS programming is typically performed through a time-
consuming and laborious trial-and-error process. Nevertheless, due to time con-
straints, the patient's condition, and other practical limitations, only a limited num-
ber of settings can realistically be tested in practice, which may lead to suboptimal
results in some cases. To gain a thorough understanding of both effective and
side-effect-inducing contacts, it is generally advised to conduct a unipolar review
during the initial programming session [16]. This process involves testing each
contact row in an omnidirectional setting, as well as evaluating each individual
contact in a unipolar con�guration.

In clinical practice, both unipolar and bipolar stimulation approaches are used:
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1. Unipolar (or monopolar) stimulation: Typically, one or a combination of
contacts are set as the cathode, while the IPG serves as the anode. Uni-
polar anodic stimulation is less common, but is also subject of on-going
research [22].

2. Bipolar stimulation: One or several contacts are assigned as the cathode
while one or several other contacts serve as the anode. Bipolar stimulation
has been associated with less side-effects [23] and extended battery life in
some cases [24].

Fig.2.4 illustrates the differences between unipolar and bipolar stimulation. Bipolar
stimulation adds another layer of complexity to the DBS programming process.
Therefore, unipolar settings are often explored �rst, albeit the potential advantages
of bipolar settings.

Figure 2.4: Schematic representation of unipolar and bipolar con�gurations. Blue
indicates cathodic contacts, while red represents anodic contacts.

2.3 DBS Targets

The selection of DBS targets is a dynamic area of research, evolving as our under-
standing of brain anatomy and its relationship to various disorders advances. Tra-
ditionally, widely accepted targets have included the Subthalamic Nucleus (STN),
Globus Pallidus Internus (GPi), and Ventral Intermediate Nucleus of the thalamus
(ViM), which are used in PD, dystonia, and ET, respectively. A visual overview of
these common DBS targets is provided in Fig. 2.5.

Some research effort has been put on the identi�cation of so-called stimulation
"sweet spots". These are often derived from probabilistic stimulation maps, which
correlate the VTAs with patient outcomes. The methodology behind creating these

10



2.4. DBS Mechanism

Figure 2.5: Common surgical targets in DBS include the GPi (blue), the STN
(yellow) and the ViM (orange). The DBS lead was reconstructed for a PD patient
with the STN as stimulation target.

maps varies, and the results are strongly in�uenced by the choice of clustering
method, as noted in [25]. Using probabilistic stimulation maps, multiple sweet
spots have been identi�ed for a variety of disorders [26, 27, 28]. In ET, several
previously identi�ed sweet spots have been observed to overlap with the DRTT,
suggesting a potential common underlying pathway responsible for symptom im-
provement [28]. The DRTT comprises two components: a decussating (dDRTT)
and a non-decussating part (ndDRTT), both of which play a role in tremor modula-
tion. Paper IV explores the effects of bipolar stimulation settings on these pathways
in an ET patient case study, qualitatively linking the �ndings to symptom quanti-
�cation results obtained via a smartphone app. The �ndings highlight the need
for advanced modeling approaches to better capture the effects of bipolar stim-
ulation. Similarly, for other disorders, there has been a shift in recent years from
focusing on local structures to targeting white matter tracts and broader, more com-
plex brain networks. These network-based approaches aim to address the intercon-
nected nature of brain dysfunction, potentially offering more effective and precise
treatments. By analyzing DBS sites, dysfunctional brain circuits have been identi-
�ed for various disorders [29] and speci�c symptoms [30]. These "sweet stream-
lines", derived from �ltered tractography (cf. 3.3), may serve as future targets in
DBS programming to enhance patient outcomes.

2.4 DBS Mechanism

The exact mechanisms by which DBS alleviates symptoms remain poorly under-
stood and may vary depending on the speci�c disease and symptoms being tar-
geted. Several hypotheses have been proposed, suggesting that DBS may excite,
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Chapter 2. Deep Brain Stimulation

inhibit, or disrupt pathological activity in neural circuits [31]. One key challenge is
determining which neuronal populations - inhibitory, excitatory, or both - and their
connections to neural circuits (pathways) are primarily affected by stimulation.

1. Inhibition hypothesis: Given that DBS can mimic the effects of a lesion [32,
33], the inhibition hypothesis states that DBS functionally inhibits or sup-
presses pathological activity in targeted brain regions. This aligns with ob-
servations in PD, where DBS effectively reduces excessive beta-band activ-
ity [34]. However, this hypothesis does not explain why DBS in the GPi was
reported to increase neuron �ring rates [35, 36].

2. Excitation hypothesis:DBS has been reported to induce spiking activity in
individual neurons and local neural populations [35]. Notably, DBS does not
directly excite neuronal cell bodies (somata) but instead acts primarily on ax-
ons. This results in action potentials propagating along efferent pathways to
downstream targets or traveling antidromically along afferent pathways back
to their origin. Such stimulation-induced excitation may in�uence network
dynamics by modulating activity in distant brain regions.

3. Disruption hypothesis: An alternative perspective is that DBS exerts its
effects by simultaneously exciting and inhibiting different neural elements,
thereby disrupting pathological information �ow e.g. disruption of abnormal
beta-band oscillations and excessive synchrony in PD [37]. This may be
achieved by selectively blocking information �ows in some pathways, but
not in others [31].

Beyond immediate electrophysiological effects, DBS may also in�uence neuro-
transmitter systems and induce neuroplastic changes over time. These broader
neuromodulatory effects could contribute to both the therapeutic bene�ts and the
stimulation-induced side effects observed in patients. Understanding these mech-
anisms is crucial for improving target selection and programming strategies, ulti-
mately enhancing treatment outcomes.

2.5 Symptom Quanti�cation

Symptom evaluation in patients treated with DBS is a critical component of patient
management. The standard of care primarily involves assessments performed by
healthcare professional, often using rating scales such as the Uni�ed Parkinson's
Disease Rating Scale (UPDRS) for PD, the Essential Tremor Rating Assessment
Scale (TETRAS) [38] in ET, the Uni�ed Dystonia Rating Scale (UDRS) in dy-
stonia, and the Yale-Brown Obsessive Compulsive Scale (YBOCS) in OCD [39].
These evaluations usually only require a pen and paper and can be completed in
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2.5. Symptom Quanti�cation

about 10 to 30 min. While widely used, this method depends heavily on the ex-
perience and subjective judgment of clinical staff [40], leading to variability and
limited comparability between different clinical centers. This reliance on subject-
ive assessments highlights the need for objective tools to quantify symptoms more
consistently and accurately. Emerging technologies such as smartphone and smart-
watch applications, pressure sensors, video-based assessments, and eye-tracking
systems offer promising solutions for capturing both motor and non-motor symp-
toms [41, 42, 43, 44]. Nevertheless, non-motor symptoms and stimulation-induced
side effects remain particularly challenging to quantify accurately. Moreover, con-
ventional assessments provide only momentary snapshots of a patient's condition
during clinic visits, potentially missing �uctuations in symptom severity that oc-
cur throughout the day. Continuous tracking of symptoms through wearable or
implantable devices could offer a more comprehensive view, enabling better man-
agement of both symptoms and treatment. In Paper IV, a smartphone app was used
to independently measure tremor in both hands of an ET patient. The results clearly
demonstrated a bilateral therapeutic effect from unilateral stimulation, which were
then qualitatively compared to modeling outcomes.

Recent advancements also suggest the potential of biophysical markers for
symptom quanti�cation. For instance, in PD, a beta frequency peak observed in
Local Field Potential (LFP) recordings from DBS leads is associated with motor
symptom severity, and its suppression correlates with symptom improvement [37].
While limited to patients that exhibit these kind of markers, they can be integrated
into DBS systems to offer real-time, objective data about symptom severity, poten-
tially enabling more precise and automated adjustments of stimulation parameters.
However, to date, closed-loop DBS has not been shown to surpass conventional
open-loop DBS in effectiveness, and its clinical application remains highly lim-
ited [45, 46].
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Chapter 3

Mathematical Modeling

Mathematical modeling plays an important role in clinical applications, providing
a systematic approach to understanding complex physiological processes and op-
timizing treatment strategies. In the context of BCIs, computational models may
help bridge the gap between stimulation parameters and their clinical effects, of-
fering valuable insights that would be dif�cult to obtain through empirical testing
alone. Since many BCIs involve neurostimulation similar to DBS (cf. Fig. 2.1),
the principles and tools presented in this thesis could potentially be applied to these
contexts as well.

In the case of DBS, the development of advanced lead designs and increasingly
sophisticated pulse generators has introduced numerous programmable parameters,
making testing of all possible stimulation con�gurations experimentally infeasible.
Mathematical models aim to predict the effects of different stimulation settings
on neural tissue and patient symptoms, enabling a more ef�cient and targeted ap-
proach to therapy. By relating modeling results to symptom quanti�cation, these
tools can assist clinicians in the DBS programming process, providing an educated
starting point and reducing the trial-and-error burden in parameter selection.

3.1 Volume Conductor Models

A volume conductor model (VCM) is a computational framework used to simu-
late the electrical properties of brain tissue and the propagation of electrical signals
within it. These models vary in complexity, ranging from simple homogeneous
models to more advanced heterogeneous models that account for different tissue
types. Some VCMs incorporate anisotropy, re�ecting the directional dependence
of electrical conductivity, while highly detailed models may include realistic neur-
onal structures and connections between neurons.

VCMs are commonly employed in source localization algorithms for EEG and
MEG data analysis, enabling the reconstruction of neural signal sources recorded
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at the scalp.
In the context of neuromodulation, VCMs are used for predicting how extern-

ally generated electrical signals propagate and interact with the brain. In the case
of DBS, the main interest lies in understanding how different stimulation settings
affect the brain and how this correlates with changes in symptom severity and
stimulation-induced side-effects.

3.1.1 Finite Element Modeling

A prerequisite for all the simulations in this thesis is a model capable of repres-
enting the effects of stimulation. The models employed throughout this thesis are
based on the Finite Element Method (FEM), a powerful numerical method for solv-
ing complex problems involving irregular geometries, heterogeneous materials,
and boundary conditions that are challenging or impossible to address analytically.
By discretizing the problem domain into a mesh of �nite elements connected by
nodes, FEM breaks down a large, complex system into smaller, more manageable
parts, which are analyzed individually and then recombined to predict the behavior
of the entire system.

Spatiotemporal physical phenomena are typically described by partial differ-
ential equations (PDEs)

L (u) = f in W; u = u0 on¶WD;
¶u
¶n

= g on¶WN; (3.1)

whereL is a differential operator,u is the dependent variable,f is a source term
in the domainW, and¶WD and¶WN are Dirichlet and Neumann boundary regions,
respectively. Through discretization, FEM provides an approximate solution to
these PDEs for a given problem.

The weak (variational) form facilitates the numerical approximation and is
given by Z

W
vL (u) dW=

Z

W
v f dW; 8v 2 V : (3.2)

Here,v is a test function from a suitable function spaceV .
The domainWis divided into a �nite number of elements, and the continuous

solutionu is approximated at the nodes between elements as

uh(x) =
N

å
i= 1

Ni(x)ui ; (3.3)

whereN is the number of nodes,Ni(x) are the basis (shape) functions, andui are
the nodal values. Typically,Ni(x) are given by low-order polynomials, such as
linear or quadratic functions, and ensure continuity across elements.
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The weak form is applied to each element, resulting in local element equations.
These are then assembled into a global system

KU = F; (3.4)

whereK is the global stiffness matrix, which represents the system of linear equa-
tions that must be solved in order to ascertain an approximate solution to the dif-
ferential equation. Further,U is the vector of unknown nodal values, andF is the
global load vector. To illustrate how (3.4) is derived from the weak form in (3.2),
an example is given in Example 3.1.1.

Example 3.1.1

Given the one-dimensional Poisson equation

L (u) = Du(x) = f (x) 80 � x � 1;

u(0) = 0;Ñu(0) = 1;

whereD andÑ denote the Laplace and gradient operators, respectively, the
weak form in (3.2) is derived by integration of parts as

Z 1

0
v(x) f (x) dx =

Z 1

0
v(x)Du(x) dx

= [ Ñu(x)v(x)]1
0 �

Z 1

0
Ñv(x)Ñu(x) dx

= �
Z 1

0
Ñv(x)Ñu(x) dx:

In the �nal step, it is assumed that the test function satis�es the boundary
conditionsv(0) = 0 andv(1) = 0. Using the �nite element approximations
uh(x) = NT(x)U andvh(x) = NT(x)V, and their respective derivatives, the
integral equation can be rewritten as

VT
Z 1

0
N(x) f (x) dx = � VT

Z 1

0
ÑN(x)ÑN(x) dxU:

De�ning the elements ofK andF as

Ki; j =
Z 1

0
ÑNi(x)ÑNj (x) dx;

Fi =
Z 1

0
� f (x)ÑNi(x) dx;

the equation simpli�es to the global system formulation given in (3.4).
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(a) (b) (c)

Figure 3.1: (a) DBS lead mesh, (b) conductivity map distinguishing white mat-
ter (darkest blue), gray matter (dark blue), and cerebrospinal �uid (red), and (c)
distribution of the electric �eld norm, ranging from 0 (dark blue) to 200V=m (red).

Boundary conditions (Dirichlet and Neumann) are incorporated into the global sys-
tem, ensuring that the solution satis�es the prescribed constraints. The resulting
system is then solved using numerical techniques, such as direct methods (e.g.,
Gaussian elimination) or iterative solvers (e.g., conjugate gradient methods), de-
pending on the problem size and computational ef�ciency requirements.

3.1.2 DBS Scenario

The FEM model used throughout this thesis simulates both the DBS system and
the surrounding neural tissue. It is implemented in COMSOL Multiphysics®. The
modeled domain consists of a 50mm� 50mm� 50mm box encompassing the DBS
lead and surrounding tissue. In the region immediately adjacent to the lead, tissue
heterogeneity is accounted for by generating a conductivity map based on seg-
mentations of a template MRI or an individual patient's MRI. This segmentation
differentiates between gray matter, white matter, and cerebrospinal �uid. Further
away from the lead, the tissue is modeled as homogeneous matter. Fig. 3.1 presents
the mesh for the Boston Scienti�c Vercise Cartesia™ directional lead, along with
a conductivity map of the surrounding tissue, and the resulting distribution of the
electric �eld norm. The effect of DBS on neural tissue can be modeled using either
a time-varying or time-independent approach, both of which are discussed in the
following sections.
The time-varying model solves the electro-quasi static (EQS) approximation of
Maxwell's equations, which neglects magnetic induction, in a 3-D space and across
time:

Ñ � J = � Ñ � (s Ñu+ e0erÑu) = 0: (3.5)
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Here,Ñ� denotes the divergence,J represents the current density,s is the electrical
conductivity, andÑu stands for the gradient of the electric potential. The constants
e0 ander represent vacuum and relative permittivity, respectively. The time-varying
boundary condition on the active contacts is given by the surface integral

Z

¶W

J � ndS= I0(t); (3.6)

wheren is the normal vector to the contact surface. In the time-dependent model,
the currentI0(t) through the active contact varies with time. Non-active contacts
are modeled with a �oating boundary condition given by

Z

¶W

D� ndS= Q0(t); (3.7)

whereD is the electric displacement �eld andQ0 denotes charge. To model the
contact surfaces as unconnected and neutrally charged conductors,Q0 is set to
zero. The time-dependent formulation was solved in both Paper III and Paper IV,
where the solution was then used as an input to neuron models.

In the static scenario,I0(t) in (3.6) remains constant and the EQS approxim-
ation in (3.5) is simpli�ed to the quasi-static (QS) approximation of Maxwell's
equation given by

Ñ� (s Ñu) = 0: (3.8)

The QS approximation omits dispersive effects of the tissue. The solution to (3.8)
was used in both Paper I and Paper II to compute the VTA. Additionally, in Pa-
per II, solutions for different active contact con�gurations were approximated by
superimposing solutions from individually active contacts. While this introduces
some inaccuracies in VTA shape at lower amplitudes, the effect is negligible at
higher amplitudes. Due to its reduced complexity, the QS approximation is com-
putationally ef�cient.

3.1.3 DBS Activation Models

The activation of neural tissue by DBS can be analyzed on different scales, ranging
from the level of individual neurons to macroscopic population-level effects.

On the neuron level, time-varying electrostatic models simulate the effects of
DBS and provide input to neuron models of varying complexity. These neuron
models range from simple integrate-and-�re models to highly detailed models that
incorporate ion channel dynamics and realistic cell geometries. When targeting
speci�c anatomical features, distinct modeling approaches are applied. For in-
stance, axon models are commonly used to study white matter tracts, while more
complex models incorporating axons, soma, and synapses are employed for neur-
ons with intricate cell geometries or networks of neurons. More details on how the
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Figure 3.2: Illustration of VTA. The turquoise volume corresponds to the volume
where the electric �eld norm exceeds a threshold of 200V=m for a stimulation
amplitude of 1mA at the two ring contacts. Notably, the VTA is neither necessarily
connected, nor convex.

effect of extracellular stimulation can be included into these models are given in
Chapter 3.2.

On the macroscopic level, static electrostatic models are often used to estimate
the VTA. This approach simpli�es the dynamic interactions of DBS with neural
tissue by applying an activating function to de�ne the VTA. The most commonly
used method considers the VTA as the volume, where the electric �eld norm ex-
ceeds a speci�c threshold as illustrated in Fig. 3.2.

Dynamic stimulation parameters, such as pulse width and frequency, can be
partially incorporated into static VTA models by adjusting the activation threshold.
For example, Åströmet al. [47] derived VTA thresholds using neuron models for
various pulse widths and axon diameters.

Static VTAs offer a simple yet effective estimate of the extent of neural activ-
ation and are widely used in the DBS community, demonstrating their utility in
various applications[26, 48, 49]. However, their accuracy is limited, particularly
when accounting for dynamic stimulation parameters, precise �ber activation mod-
eling, and bipolar settings, as discussed in Papers I, III, and IV. These limitations
highlight the need for cautious interpretation and, in some cases, more advanced
modeling approaches.

3.2 Neuron Modeling

Mathematical modeling can provide insights on the effect DBS has on single neur-
ons and neural populations.
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(a) (b)

Figure 3.3: (a) Schematic illustration of a myelinated neuron, including key struc-
tural components: soma (cell body) with nucleus, dendrites for receiving signals,
a myelinated axon for rapid signal transmission, and axon terminals responsible
for synaptic communication [50]. (b) The typical course of an action potential,
including a depolarization, a repolarization, and a refractory period.

Biophysics of Neurons

Neurons are the basic unit of the nervous system and play a pivotal role in transmit-
ting information through the body. These specialized cells are adept at generating
and propagating short electrical pulses known as action potentials.

A neuron consists of several key components, each with a distinct function.
A schematic illustration is given in Fig 3.3a. Dendrites serve as the input regions
of the neuron. They receive signals from other neurons and convey these inputs
toward the cell body, or soma. It is within the soma that it is decided whether an
action potential is initiated in response to the incoming signals from neighboring
neurons. The axon, akin to a long and slender cable, serves as the output structure
of the neuron. If the cumulative input signals into the soma warrant the trans-
mission of an action potential, it travels down the axon and, ultimately, enables
communication with other neurons, muscle cells, or glands.
The neural signal itself primarily comprises these action potentials, commonly re-
ferred to as spikes. The general course of an action potential is a precisely orches-
trated sequence of events, depicted in Fig. 3.3b. It is important to note that while
the fundamental principles of action potentials remain consistent, there can be vari-
ations in their speci�c characteristics among different types of neurons, allowing
for a diverse range of neural functions and signaling capabilities.

Hodgkin-Huxley Neuron model

The biophysics of neurons can be modeled using the Hodgkin-Huxley (HH) model,
which was �rst proposed by Alan Hodgkin and Andrew Huxley in 1952 [51]. The
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HH model provides a mathematical framework to describe the membrane potential
of a neuron and its response to ion �ow across the cell membrane, which is essential
for generating and propagating action potentials.

In the HH model, the cell membrane is treated as a resistor-capacitor network
(RC) circuit as depicted in Fig. 3.4. The model accounts for the behavior of ion
channels that open and close in response to changes in membrane potential, allow-
ing the selective passage of ions such as sodium, potassium, and leak currents.

Figure 3.4: The HH model equivalent RC circuit for the cell membrane.

The effect of extracellular stimulation on a neuron can be described by a multi-
compartment HH model, given by the partial differential equation

Im;n = gA �
¶2um;n

¶x2

= Cm;n
¶um;n

¶t
+ Iion + Iinj ;

(3.9)

whereIm;n is the total current through the membrane at positionn. It is propor-
tional to the axial membrane conductancegA between successive compartments of
the cable. The �rst term on the right-hand side denotes the capacitive membrane
current, which is proportional to the membrane capacitanceCm;n. The second term
describes the contributions of different ion channels. The third termIinj captures
the in�uence of both the extracellular electrical potentialue;n and potential neural
activity traversing along the �ber.

The membrane currentsINa, IK , andIL for sodium, potassium, and leak chan-
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nels, respectively, are given by

INa = gNam3h(um � uNa);

IK = gKn4(um � uK);

IL = gL(um � uL);

wheregNa,gK , andgL are the maximum conductances of the sodium, potassium,
and leak channels, respectively, anduNa, uK , anduL are the equilibrium potentials
for sodium, potassium, and leak currents. The gating variablesm, h, andn follow
�rst-order kinetics, meaning they evolve according to exponential functions that
depend on the membrane potential and describe the opening and closing of the
sodium and potassium channels. The total current through the ion channels is given
by Iion = INa + IK + IL . In Paper III, the HH model was used to study the effect
of DBS on a transversing current in single neurons placed along the coordinates
of the DRTT. In Paper IV, a related, but more advanced double cable model for
mammalian nerve �bers from McIntyre et al. (2002) [52] was used to study the
effect of bipolar stimulation on the DRTT.

3.3 Tractography

Tractography is a modeling technique used to reconstruct and visualize major white
matter tracts. It is based on diffusion weighted imaging (DWI) and diffusion tensor
imaging (DTI). DWI uses an MRI sequence that is sensitive for diffusion of wa-
ter molecules within brain tissue and allows to measure differences in diffusion
rates i.e. the magnitude of diffusion. DTI captures not just the magnitude of wa-
ter diffusion but also the orientation of the diffusion tensor, allowing for a three-
dimensional view of water movement. To quantify the properties of diffusion and
the quality of �ber tracking, metrics such as Fractional Anisotropy (FA) are used.
FA re�ects the degree of directional preference of water diffusion, where higher
FA values indicate more organized and aligned �ber structures.

Tractography, derived from DTI data, enables the reconstruction of white mat-
ter pathways in the brain. The process of tractography consists of two main steps:
a) �t a diffusion model at each voxel of the image and b) �ber tracking across
voxels. Fibers reconstructed from tractography are typically referred to as stream-
lines [29].

The resulting 3D maps of white matter tracts, known as the brain's structural
connectome, provide valuable insights into neural connectivity. Despite its use-
fulness, tractography has limitations. A major challenge is the accuracy in the
reconstruction of crossing �bers within a single voxel, which can introduce errors
in �ber orientation estimates. Tractography methods can be broadly categorized
into two types based on the tracking algorithm used:
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1. Deterministic �ber tracking: This approach traces the path of the �ber based
on the principal diffusion direction within each voxel. It is generally faster
and simpler but can struggle with complex �ber geometries, particularly in
regions with crossing �bers.

2. Probabilistic �ber tracking: This method models the uncertainty in the �ber
direction and provides a more robust estimate of the underlying connectiv-
ity. Probabilistic methods incorporate noise and irregularities in the data,
producing more reliable results in challenging regions with crossing �bers.
However, these methods tend to be computationally intensive and require
longer processing times.

For high-quality tractography reconstructions, high-resolution MRI scans, such as
those obtained with ultra-high �eld scanners (e.g., 7 Tesla MRI), are recommen-
ded. These scanners provide greater spatial resolution and signal-to-noise ratio,
improving the accuracy of diffusion measurements. However, such equipment is
not widely available in most clinical centers and is typically used in research set-
tings only.
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Model-based DBS Programming

Model-based DBS programming (also referred to as image-guided programming)
has become as a valuable approach to improve DBS therapy by leveraging patient-
speci�c imaging data and static VTA models to inform stimulation settings.

By visualizing the DBS lead and VTAs in relation to key target structures, these
model-based tools can help streamline the initial programming process, provid-
ing clinicians with an informed starting point and reducing setup time [53]. Ad-
ditionally, some lead manufacturers offer commercial software for model-based
parameter adjustments as part of their DBS systems, which have demonstrated im-
proved clinical outcomes in PD patients [54]. While Shubet al.[55] found that pre-
dictions made with the help of GuideXT® did not always align with decisions taken
by clinical programmers, the proposed settings still resulted in signi�cant symptom
relief. Despite their utility, these tools typically require manual �ne-tuning to indi-
vidualize stimulation settings for each patient. To address this limitation, Paper I
introduces an automated pipeline for model-based DBS programming. Building
on this, Paper II adapts an optimization scheme based on Mixed Integer Linear
Programming (MILP) to further improve the ability to achieve a desired activation
pro�le.

4.1 Image Processing and Lead Reconstruction

Image preprocessing is a critical step to ensure accurate localization of the im-
planted DBS lead relative to the patient's brain anatomy. This process is based
on imaging modalities routinely acquired in clinical practice, including preoperat-
ive T1- and T2-weighted MRI scans and postoperative CT. These images provide
complementary information, necessary for DBS surgery planning: T1-weighted
MRI offers high-resolution anatomical detail, while T2-weighted MRI enhances
the visualization of subcortical structures and white matter tracts. Postoperative
CT is employed to verify lead placement and orientation.
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Lead-DBS [56, 57] is a widely recognized toolbox for DBS image prepro-
cessing, which includes several open-source algorithms for co-registration, normal-
ization, and lead reconstruction. Preoperative MRI and postoperative CT images
are co-registered to align the datasets spatially and normalized to Montreal Neuro-
logical Institute (MNI) space, a standardized coordinate system used in neuroima-
ging to enable comparisons across individuals and populations.

For segmented DBS leads with directional contacts, lead orientation can also
be determined from the CT artifact [58, 59]. These leads feature a marker above
the top contact row, producing a distinct artifact in the imaging data. However,
determining lead orientation is challenging due to the symmetry of the marker arti-
fact, leading to a common error of 180 degrees in orientation estimation. Advanced
imaging techniques, such as photon-counting CT, may help resolve such ambigu-
ities in the future [60].

CT imaging is used to evaluate lead placement after surgery. However, the
timing of the scan varies across centers, either being performed within a few days
post-surgery or after a month. Immediate postoperative scans may be affected by
intracranial air entering the skull during the procedure, which can distort the re-
construction of lead coordinates. Over time, the air dissipates, leading to more
accurate reconstructions. Therefore careful consideration of the timing when inter-
preting CT data.

4.2 Optimization Schemes

DBS programming can be formulated as a geometric optimization problem, where
stimulation is guided to a target region while avoiding undesired activation of con-
straint regions. The selection of these regions is patient-speci�c and depends on
individual symptoms. The goal is to achieve an optimal activation pro�le, which
can be framed in multiple ways, as discussed in Paper I and Paper II. A com-
mon approach is to base the optimization on the spread of the electric �eld norm,
obtained by solving (3.8), and using the static VTA model to estimate tissue ac-
tivation. A key challenge in automated model-based programming is de�ning the
desired activation pro�le in individual patients with a given set of symptoms. While
the work discussed in this thesis primarily relies on atlas-based target structures,
segmentation of individual patient MRI and tractography data may offer a more
personalized approach. However, achieving high-resolution imaging for accurate
segmentation involves a trade-off between individual speci�city and imaging res-
olution [61]. Additionally, objective symptom quanti�cation tools are essential for
evaluating the effectiveness of a given stimulation pattern.

In this thesis, activation pro�les are de�ned using point clouds rather than
volumes. The locations of desired stimulation (i.e. targets) and the areas of avoid-
ance (i.e. constraints) are represented as disjoint sets, and when multiple targets
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or constraints are involved, the union of these disjoint sets de�nes the set of target
pointsWt and the set of constraint pointsWc, respectively. Point-wise optimization
schemes presented below assume a uniform distribution of the target or constraint
points in the respective volume. Here, equal importance is given to all points,
however algorithms that introduce hierarchic constraints are thinkable.

A linear optimization scheme introduced in Paper I can be written as

max
l

å
i

l � Ei 8i 2 Wt

s.t. l � Ej � Eth for q % of points j in Wc;
(4.1)

wherel is the stimulation amplitude andEi denotes the electric �eld norm at the
pointsi within the target volumeWt.

A nonlinear optimization scheme as introduced by [62]

fcost;i =

(
jl � Ei � Eth;tj2 if l � Ei � Eth;

jl � Ei � Eth;tj if l � Ei > Eth;
(4.2)

whereEth;t denotes the desired target �eld strength andj � j represents the absolute
value. Minimization of the cost function gives

min
l

å
i

fcost;i 8i 2 Wt

s.t. l � E j � Eth for q % of points j in Wc:
(4.3)

The optimization problems above are solved for a given combination of active
contacts. Evaluation of which combination of contacts is the most superior one,
requires additional assessment of the achieved activation pro�le in terms of target
and constraint coverage.

To address this limitation, the mixed integer linear programming (MILP) ap-
proach proposed in Paper II aims to solve for the optimal distribution of current
over all available contacts. The method leverages the superposition of solutions
computed for individually active contacts to obtain the electric �eld norm for a
combination of active contacts.

4.3 Quanti�cation of Streamline Activation

The modulation of reconstructed white matter tracts, i.e. streamlines, can be quan-
ti�ed in different ways. The simplest approach involves calculating the overlap
between the streamline volume and the computed static VTA for a given set of
stimulation parameters. As illustrated in Fig. 4.1, activation can be assessed either
point-wise or trajectory-wise, with the latter providing a more comprehensive rep-
resentation of tract engagement. These approaches for the static VTA were utilized
in Paper I.
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Figure 4.1: Schematic illustration of point-wise versus trajectory-wise quanti�ca-
tion of tract activation [63].

A more advanced method involves placing neuron models (cable models) along
the coordinates of individual streamlines to simulate their response to stimulation.
This approach, which offers a more detailed understanding of stimulation effects,
was implemented in both Paper III and Paper IV.

4.4 Challenges and Future Directions

The effectiveness of automated model-based programming for DBS is in�uenced
by several factors, including the following.

The results strongly depend on the desired stimulation i.e. target and con-
straint regions. Most of the work in this thesis has focused on atlas-based, anatom-
ical structures, particularly the subdivisions of the STN and adjacent white matter
tracts. However, the optimal stimulation targets for different conditions and symp-
toms are still debated, and subject to on-going research. Additionally, atlas-based
structures do not fully capture individual anatomical variations. Standard of care
technology in most clinical centers currently pose a trade-off between resolution
and individualization. However, transitioning towards patient-speci�c segmenta-
tion of target structures and functional imaging, such as tractography, is essential
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to identify and target critical white matter pathways and circuits associated with
optimal clinical outcomes.

While automated algorithms can optimize stimulation parameters to achieve a
prede�ned activation pro�le (Paper I and Paper II), the ultimate goal remains ef-
fective symptom management. The lack of objective, standardized methods for
symptom quanti�cation of the patient's state as a whole, poses a major limita-
tion. The ability to dynamically update model predictions based on patient-speci�c
symptom responses is critical for re�ning model accuracy and improving clinical
outcomes. Furthermore, stimulation-induced side effects play a crucial role in DBS
programming. While model-based approaches often prioritize symptom suppres-
sion [54, 26, 29], avoiding unwanted side effects of stimulation is often the primary
concern in clinical practice [64]. Many of these side effects, particularly non-motor
symptoms, are dif�cult to quantify but must be systematically incorporated into
automated programming strategies.

Another challenge stems from uncertainties in the biophysical models used for
DBS programming. These uncertainties include variations in electrical conductiv-
ity surrounding the lead, parameter choices in neuron models, and simpli�cations
in the quanti�cation of stimulation effects. In particular, bipolar stimulation re-
mains poorly understood. As discussed in Paper III and Paper IV, bipolar con�g-
urations introduce additional complexity, requiring advanced models to accurately
predict neuronal activation. Further work is needed to address these uncertain-
ties to pave the way for including bipolar stimulation into automated programming
routines.
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Chapter 5

Conclusions

BCIs are receiving growing attention across a wide range of applications, from
healthcare to the entertainment industry. This thesis explores patient-speci�c mod-
eling in the context of DBS and its potential to improve both clinical therapy and
our understanding of how electrical stimulation affects neural populations. The
principles and tools presented in this thesis are not limited to DBS but can be ex-
tended to other forms of neurostimulation.

Paper I and Paper II focus on DBS programming using a simple, temporally
static model to quantify neural activation, providing a structured approach to stim-
ulation parameter selection. Paper III and Paper IV extend this work by investig-
ating the effects of stimulation on speci�c white matter tracts and exploring the
potential bene�ts of bipolar stimulation. These studies highlight the importance of
considering not only anatomical structures, but also functional neural circuits when
designing and assessing stimulation strategies.

One of the key challenges in this �eld is linking simulation results to clinical
outcomes. Reliable tools for evaluating a patient's overall state are crucial for a
better understanding of stimulation targets, desired activation pro�les, and their
relationship to side-effects and symptom relief. Ultimately, these tools are the key
to improve model-based DBS programming and ensuring its practical bene�ts for
clinical use.

Thus, future work will focus on extending the concepts presented in this thesis
to other disorders, re�ning activation targets, and optimizing stimulation strategies
based on objective symptom quanti�cation.
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1. Introduction

Abstract

Objective:The objective of this study is to develop and evaluate a systematic ap-
proach to optimize Deep Brain Stimulation (DBS) parameters, addressing the chal-
lenge of identifying patient-speci�c settings and optimal stimulation targets for
various neurological and mental disorders.Methods:TuneS, a novel pipeline to
predict clinically optimal DBS contact con�gurations based on prede�ned targets
and constraints, is introduced. The method relies upon patient-speci�c models of
stimulation spread and extends optimization beyond traditional neural structures to
include automated, model-based targeting of streamlines.Results:Initial �ndings
demonstrate that STN motor streamlines consistently receive a signi�cant portion
of the allocated stimulation volume, suggesting that a consistent portion of the
stimulation should ideally focus on the STN motor streamlines. At the example
of a small cohort of Parkinson's disease patients, the value of model-based contact
predictions for assessing stimulation targets while observing constraints is demon-
strated.Conclusion:TuneS shows promise as a research tool, enabling systematic
assessment of DBS target effectiveness and facilitating constraint-aware optim-
ization of stimulation parameters.Signi�cance: The presented pipeline offers a
pathway to improve patient-speci�c DBS therapies and contributes to the broader
understanding of effective DBS targeting strategies.

1 Introduction

Deep Brain Stimulation (DBS) has emerged as a powerful and cost-ef�cient [1]
therapeutic tool for addressing a range of neurological and mental disorders. In
DBS, stimulation electrodes are implanted into speci�c areas of the brain to chron-
ically deliver controlled electrical impulses. The precise DBS target area varies
depending on the disorder and is selected based on the patient's speci�c symptoms.
A typical DBS target is the subthalamic nucleus (STN) due to its signi�cant role in
alleviating symptoms across various disorders with distinct symptoms [2, 3, 4, 5].
Despite the effectiveness of DBS in the alleviation of symptoms, optimizing stim-
ulation parameters in clinical practice relies on a trial-and-error method called
monopolar review, which involves testing each contact, one at a time, with mono-
polar stimulation. This process is laborious and time-consuming, often resulting in
suboptimal clinical outcomes due to the time constraints faced by clinical staff [6]
and wide inter-patient variability of optimal stimulation settings evidenced in nu-
merous studies. Moreover, the evolution of increasingly sophisticated lead designs
has provided clinicians with enhanced control over the distribution of the electric
�eld, while simultaneously increasing the complexity associated with parameter
optimization.

In recent years, there has been an on-going effort to develop automated pro-
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gramming algorithms that can aid clinicians in the programming procedure. These
include image guided algorithms [7, 8], data-driven approaches utilizing mono-
polar review data [9], and algorithms that incorporate quanti�ed symptoms, e.g.
tremor measurements via smartwatch applications [10], or other biomarkers like
beta activity in local �eld potentials (LFP) [11] or cortical evoked potentials [12].

Recent studies have shown that image-guided tools, which display the DBS
lead relative to key target structures, can reduce initial programming times by
providing a useful starting point for clinicians [13]. Additionally, some lead manu-
facturers offer commercial software for image-guided parameter predictions as part
of their DBS systems, which have demonstrated improved clinical outcomes in Par-
kinson's Disease (PD) patients [14]. Shubet al.[8] found that predictions made by
GuideXT® did not always align with decisions taken by clinical programmers, yet
resulted in signi�cant symptom relief. However, commercial software solutions
often provide limited �exibility for individual target selection, constraint custom-
ization, and parameter adjustments, which restricts their utility as research tools.
Additionally, these platforms typically lack functionality for exporting results to
other software for further analysis or processing, thus impeding their integration
into broader research work�ows.

While data-driven algorithms can be valuable for making predictions, they of-
ten fail to provide insights into the underlying mechanisms of DBS. Moreover,
these methods frequently struggle with extrapolation, which is particularly challen-
ging in DBS due to the highly individualized nature of the therapy. Additionally,
differences in procedures between medical centers, limited data for less common
DBS-treated disorders, and the complexity of assessing a patient's overall condi-
tion further complicate the use of data-driven approaches.

Algorithms based on kinematic biomarkers or LFP beta activity are generally
applicable only to patients who exhibit these speci�c biomarkers, limiting their
utility. Additionally, many of these tools primarily focus on motor improvements,
potentially overlooking the importance of avoiding stimulation in areas that could
cause non-motor side effects.

To address these challenges, an automated image-guided programming pipeline
called TuneStim (TuneS)1 has been developed at Uppsala University in collabor-
ation with Uppsala University Hospital aimed at predicting initial DBS con�gura-
tion settings that can be further re�ned by clinical practitioners. Leveraging readily
available medical imaging data from routine clinical procedures, such as preoper-
ative magnetic resonance imaging (MRI) and postoperative computed tomography
(CT) scans, TuneS facilitates of�ine computations. The user can select the relevant
target structures, including speci�c anatomical brain regions and results derived
from �ber tractography. To distinguish between actual anatomical �bers and those
reconstructed using �ber tractography from Diffusion Tensor Imaging (DTI), the

1TuneS is freely available on github.com/annafrigge/TuneStim.
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Figure 1: TuneS schematic work�ow based on preoperative MRI and postoperative
CT images [15].

termstreamlineswill be used throughout this paper to speci�cally refer to the re-
constructed tracts. The computed settings can then be seamlessly integrated into
patient consultations, streamlining and expediting the programming process. A
schematic illustration of the work�ow in TuneS is given in Fig. 1.

This paper highlights the following key contributions:

1. Research tool: TuneS is a freely available software and holds potential as
a research tool for investigating relationships between stimulating different
DBS targets and constrained regions on the one hand, and therapeutic out-
comes and stimulation-induced side-effects on the other hand.

2. Streamline targeting: TuneS offers the option to target streamlines, rather
than relying solely on traditional anatomical targets. To the best of our know-
ledge, this is the �rst time automated optimization-based contact predictions
in DBS have been extended to include streamline targeting.

Besides PD, DBS is utilized in treating other neurological disorders, Essential
Tremor, Dystonia, drug-resistant Epilepsy, as well as various mental disorders
e.g. Obsessive Compulsive Disorder (OCD), Depression, Tourette's syndrome and
other conditions. While TuneS is suitable for simulating different targets and pre-
dict optimal contact con�gurations in all the disorders treated with DBS, the �nd-
ings presented in this paper solely pertain to PD patients with STN DBS. The
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presented results are clinically relevant, yet a relatively simple application was
chosen to demonstrate the feasibility of TuneS.

This paper presents the steps constituting the process of obtaining stimulation
con�guration suggestions with TuneS and the validation of the developed software
on a cohort of ten PD patients treated at Uppsala University Hospital.

2 Methodology

2.1 Patient cohort

The work�ow of the TuneS is validated at a cohort of ten Parkinson's disease pa-
tients who underwent DBS surgery at Uppsala University Hospital2. The STN was
selected as the surgical target for all patients, with nine receiving bilateral DBS and
one undergoing unilateral DBS, resulting in a total of 19 leads. Half of the patients
were implanted with the Boston Vercise Cartesia™ Directional Lead, while the
other half were implanted with the Abbot's St. Jude Medical In�nity™ Directional
Lead as depicted in Fig. 2.

Figure 2: Schematic illustration of the Boston Vercise Cartesia™ Directional Lead
(left) and the Abbott's St. Jude Medical In�nity™ Directional Lead (right) with the
contact labels used in this study. Note that the segmented contacts (A, B, C) are
labeled in a clockwise direction.

For each patient, preoperative T1- and T2-weighted MRI, as well as post-
operative CT images acquired during routine clinical procedures, were obtained.
Although the timing of the CT scans post-surgery varied between patients, all im-
ages were visually checked for major air pockets that could potentially affect the
reconstruction of the lead location relative to the stimulation targets.

2The study was approved by the Swedish Ethics Review Authority, Registration number 2019-
05718, and all participants gave informed written consent prior to the beginning of the study.
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2.2 Image processing

Pre-operative MRI (T1 and T2) as well as a post-operative CT images were co-
registered and normalized using Lead DBS v2.6 [16]. The lead coordinates were
then reconstructed using the PaCER algorithm [17]. Moreover, the DiODE al-
gorithm [18] was applied to obtain the lead orientation based on the marker arti-
facts in the post-operative CT. While the latter algorithm has been validated for
the Boston Vercise Cartesia™ Directional Lead, it has not been validated for the
Abbott's St. Jude Medical In�nity™ Directional Lead.

2.3 TuneS

TuneS features a graphical interface as illustrated in Fig. 3. Implemented in MAT-
LAB, the pipeline relies on dependencies including SPM12, Lead-DBS v2.6 [16]
or v3.0 [19], and COMSOL Multiphysics® with Livelink™ for MATLAB.

Figure 3: Graphical user interface of TuneS, enabling patient cohort processing,
individual target and constraint selection, and model parameter modi�cation.
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FEM model The FEM model is built in COMSOL Multiphysics® using LiveLink™

for MATLAB. Currently, TuneS features four lead designs, including the Ab-
bot's (St. Jude) Medical In�nity™ Directional lead, the Boston Scienti�c Vercise
Standard lead, the Boston Scienti�c Vercise Cartesia™ Directional lead, and the
Medtronic 3887 lead.

Surrounding the chosen lead type, heterogeneous tissue is modeled in a 50mm�
50mm� 50mm box. To account for the heterogeneous tissue properties in vi-
cinity of the lead, a conductivity map is generated based on a segmentation of
the 7T ICBM 152 2009a Nonlinear Asymmetric T1 template MRI [20]. Further
away from the lead, the tissue is modeled as homogeneous matter. The default
conductivity values for gray matter (GM), white matter (WM), and cerebrospinal
�uid (CSF), the encapsulation layer, and the homogeneous medium aresGM =
0:09S=m,sWM = 0:06S=m,sCSF= 2:0S=m,senc= 0:18S=m, andshom= 0:1S=m,
respectively.

The FEM model solves the quasi-static approximation of Maxwell's equation

Ñ � (s Ñu) = 0; (1)

whereÑ� is the divergence operator,s denotes the conductivity, andÑu stands for
the gradient of the electric potential. All non-active contact surfaces were given a
�oating boundary condition.

The boundary condition on the active contacts is given by the surface integral
Z

¶W

J � ndS= I0; (2)

whereJ represents the current density,n is the normal vector to the contact surface,
andI0 is the constant current amplitude. The FEM model comprises approximately
1;200;000 elements, with slight variations depending on the lead type.

Optimization schemes The effect of DBS on the neural tissue surrounding the
lead is typically approximated by the volume of tissue activated (VTA). A point is
assumed activated and therefore incuded in the VTA, if the electric �eld normE at
this point exceeds a speci�ed thresholdEth;t. Exploiting the linearity of (1), the �eld
obtained from the FEM model under a unit stimulus can be linearly scaled to ob-
tain the results for different amplitudes. It is noteworthy that TuneS employs point
clouds in calculating VTA rather than volumes. Targets and constraints are rep-
resented as disjoint sets, and when multiple targets or constraints are involved, the
union of these disjoint sets de�nes the target volumeWt and the constraint volume
Wc, respectively. In the following, the 3D point coordinates(x;y;z) of each point
in Wt andWc are mapped to the indicesi and j, respectively, using a coordinate-to-
index conversion. In this mapping, the innermost loop iterates throughx, followed
by y, and �nally z. It is important to note that the point-wise optimization schemes
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presented below assume a uniform distribution of the target or constraint points in
the respective volume.

Based on the above concept of tissue activation, the current version of the
TuneS features multiple optimization schemes, two of which are presented in the
following. The �rst one is a linear optimization scheme that aims to activate as
many of the target points as possible while keeping the scaled electric �eld norm
l � Ej atq % of pointsj within the constraint volumeWc under a speci�c constraint
threshold valueEth;c. It can be written as

max
l

å
i

l � Ei 8i 2 Wt

s.t. l � Ej � Eth for q % of points j in Wc;
(3)

wherel is the stimulation amplitude andEi denotes the electric �eld norm at the
pointsi within the target volumeWt.

The second optimization scheme uses a nonlinear cost function that penalizes
under-stimulation of target points quadratically, while overstimulation is penalized
linearly, as proposed in [21]. It is given by

fcost;i =

(
jl � Ei � Eth;tj

2 if l � Ei � Eth

jl � Ei � Eth;tj if l � Ei > Eth;c
; (4)

whereEth;t denotes the desired target �eld strength andj�j represents the absolute
value. Minimization of the cost function gives

min
l

å
i

fcost;i 8i 2 Wt

s.t. l � E j � Eth;c for q % of points j in Wc:
(5)

In the case of the eight-contact leads illustrated in Fig. 2, these optimization prob-
lems are solved for 31 different contact combinations, representing a clinically
relevant subset of all possible con�gurations. In this paper, it is assumed that
Eth;c = 100 andEth;t = 200. In the following, a change in the constraint variable
q is mainly handled by introducing a constraint relaxation variableg. Speci�cally,
a relaxation of the constraint variableq by g indicates that the constraints in (3)
and 5 are satis�ed forq = 100� g percent of the points inWc.

Optimization problem (3) is solved using MATLAB'slinprog , whereas the
minimization of the cost function in (5) is handled byfmincon.

Targets and constraints The selection of stimulation target and constraint areas
is left to the user as it may vary between different disorders and is subject of on-
going research. In this paper, TuneS was employed to investigate two potential
target structures in DBS for PD: (1) the subdivisions of the STN [22] and (2) the
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STN streamlines [23], speci�cally the reconstructed hyperdirect pathways connect-
ing STN subdivisions to corresponding cortical regions. The STN motor (respect-
ively the STN motor streamlines) was considered as the stimulation target, while
the STN limbic and STN associative regions (respectively their streamlines) were
delineated as constraint areas.

Generally, STN streamlines consist of a much higher number of points, which
span from the STN region all the way to the motor cortex. By removing points
outside of the region of interest i.e. in the vicinity of the DBS lead, the number
of points is reduced. Nevertheless, this method leads to relatively small target
coverage percentages, depending on the size of the region of interest.

Con�guration suggestions The performance of active contact con�gurations can
be ranked in various ways. In this study, the optimized settings for all contact con-
�gurations were ranked by a heuristic scoreS, de�ned as

S= wt � pact;t � wc � pact;c � ws � pact;s; (6)

wherepact;t and pact;c represent the percentage of target and constraint activ-
ated, respectively. Additionally,pact;s denotes the percentage spill, i.e. the percent-
age of activated tissue outside the target region. The weights,wt , wc, andws can be
de�ned by the user from clinical preferences. When targeting streamlines, de�n-
ing spill is a rather complex task due to the spaces between individual streamlines.
Therefore, in this study, it was assumed thatwt = 1, wc = 1, andwc = 0. While
exploring different ratios of these ranking coef�cients is an important topic, it lies
beyond the scope of this paper.

A comparison between two stimulation settings can be made in terms of VTA,
target coverage, and constraint coverage. Provided that the electric �eld norm is
calculated in the same system of coordinates, the overlap of two VTAsX andY res-
ulting from two different DBS settings, can be evaluated using the Dice-Sørensen
coef�cient, given by

D =
jX \ Yj

jXj + jYj
; (7)

wherej � j denotes the cardinality of a set.

Clinical con�gurations When comparing the contact con�gurations suggested
by TuneS to those used clinically, it is important to note that only a limited num-
ber of combinations can be tested in clinical practice. This is primarily due to
time constraints faced by clinical staff and the variable time it takes for patients
to experience the effects of a given setting, with some side effects potentially only
emerging after several hours or days. Therefore, the clinically used con�gurations
do not necessarily represent ground-truth, but rather serve as a reference point.
A stimulation setting used clinically is also typically free of adverse side effects,
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which property corresponds, with respect to the considered optimization problems,
to low values of constraint coverage.

3 Results

All the computations have been performed in MNI space to facilitate inter-subject
comparability.

3.1 Clinical Settings

The most recent clinically used settings for all patients including the active contacts
and stimulation amplitude are summarized in Table 1.

Table 1: The clinically active contact con�gurations and current amplitudes for all
patients.

Patient Active contacts I0 [mA]

01
sin 2A,2B,2C 2.85
dx 2A,2C 3.0

02
sin 2C 1.5
dx 2B,2C,3B 4.6

03
sin 3A,3B,3C 4.6
dx 3A,3B,3C 3.4

04
sin 2A,2B,2C 2.0
dx 3A,3B,3C 2.6

05
sin 3B,3C,4 2.6
dx 2A,2B,3A,3B 1.7

06
sin 2C 1.5
dx 2B,3B 3.2

07
sin 3B,3C 3.0
dx 2B,3C 1.2

08
sin 2A,2B,2C 3.3
dx 3A,3B,3C 4.4

09
sin -
dx 2A 3.8

10
sin C2A,C2B,C3A,C3B 4.2
dx 2A,2B,2C 1.0

The target and constraint coverage for both the STN subdivisions and STN
streamlines under these clinical settings were computed from the individualized
FEM models and are presented in Fig. 4. The VTA threshold was adjusted accord-
ing to the pulse width used clinically, following [24]. For the STN subdivisions,
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(a) STN subdivisions

(b) STN streamlines point-wise activation

(c) STN streamlines trajectory-wise activation

Figure 4: Target and constraint coverage for clinical settings: (a) the STN subdi-
visions, (b) point-wise activation of the STN streamlines, and (c) trajectory-wise
streamline activation of the STN streamlines.
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low target coverage was observed from the right lead of Patient 7 and from both
leads of Patient 10. In Patient 3, both high target coverage and relatively high con-
straint coverage were noted, likely due to the higher stimulation amplitude used for
this patient (4:6mA). In Fig. 4b, results from a point-wise approach for streamline
activation are presented, where only the portion of the streamlines in the region
near the lead were considered and further treated as a point cloud. This method
leads to relatively small target coverage percentages due to the large size of the
region of interest. Alternatively, it can be assumed that the entire trajectory of the
streamline is activated if any point along its path exceeds a speci�c �eld threshold.
Results using this approach are shown in Fig. 4c. All but four of the clinical set-
tings achieved a hundred percent target coverage, but also up to 90% of constraint
coverage.

Fig. 5 illustrates the distribution of VTA volume allocated to target and con-
straint regions for both STN subdivisions and STN streamlines in clinical settings.
The volumes were calculated using MATLAB's built-in functionalphaShape, with
target and constraint VTA expressed as a percentage of the total VTA volume.
Notably, the distribution for the STN subdivision target VTA appears relatively
uniform and lacking a distinct peak, whereas a clear peak can be observed for the
STN streamlines. This peak may indicate that a consistent, albeit small, portion
of the stimulation volume should be allocated to the STN motor streamlines for
symptom alleviation.

3.2 Optimal contact con�gurations

The following section presents the contact con�guration suggestions produced by
solving optimization problems (3) and (5) for the individualized models in TuneS.
The results presented in Fig. 6 and Fig. 7 indicate that the two optimization schemes
yield similar results, when applied to the same set of targets and constraints. Al-
though the linear algorithm is quicker, both optimization schemes are ef�ciently
solvable on a standard computer.

In the following, the sensitivity of the optimal solutions to variations in the
constraint relaxation variableg, as well as the impact of the chosen targets and
constraints on the predicted con�gurations, are explored in more detail.

Robustness analysis To assess the consistency of the recommendations for both
optimization schemes, Fig. 6 illustrates how frequent each individual contact ap-
pears in the top suggested contact combinations as the relaxation parameterg is
varied from 0 to 90 percent. Additionally, the effect of the constraint variableg
on the ranking score is given in Fig. 7. Both the linear and nonlinear optimization
schemes yield comparable results, achieving similar scores and showing consist-
ent behavior for the individual DBS leads. A notable difference occurs at larger
g values, where the nonlinear optimization stabilizes at a consistent score due to
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Figure 5: Distribution of the VTA allocated to target and constraint regions for
both STN subdivisions and STN streamlines under clinical settings. The target
and constraint VTA are presented as percentages of the total VTA volume, thereby
representing the relative allocation of stimulation. Top left plot – the red line is a
�t to uniform distribution; Top right plot – the red line is the bimodal distribution
�tted by spline.
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(a) Linear optimization scheme

(b) Nonlinear optimization scheme

Figure 6: Counts of contacts in the top-ranked suggestions for (a) the linear op-
timization scheme in (3) and (b) the nonlinear optimization scheme in (5), across
constraint relaxations ranging from 0 to 90%. A count of zero (dark blue) means
the contact was not included in any top-ranked con�guration, while a count of
ten (yellow) indicates that the respective contact consistently appeared in the top-
ranked combination across all relaxation levels.
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penalization for overstimulation. This penalization effectively limits the stimula-
tion amplitude, thereby providing a measure for patient safety, irrespective of the
choice of ranking coef�cients.

The top suggested settings that were ranked highest with respect to (6) are given
in Table A1 and Table A2 for the linear and the nonlinear optimization scheme,
respectively.

(a) Linear optimization scheme

(b) Nonlinear optimization scheme

Figure 7: Effect of constraint relaxation on target coverage and the ranking score
given by (6) for a) the linear optimization scheme in (3) and b) nonlinear optimiz-
ation scheme in (5).

STN subdivisions vs streamlines The results in Fig. 6 highlight that targeting
the STN streamlines, as opposed to its subdivisions, results in more recommend-
ations for dorsally positioned contacts (higher along thez-axis) as well as more
combinations involving vertically adjacent contacts. Further, it can be observed
that much lower scores for targeting the streamlines compared to the STN subdi-
visions are reported in Fig. 7. This is a result of the point-wise computation of
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target coverage in the optimization scheme. For the STN subdivisions, the max-
imum achieved scores vary strongly, with both leads of Patient 10 standing out for
achieving the lowest scores overall. This behaviour is not observed for the STN
streamlines, where the results are more consistent, indicating constraint relaxation
has less in�uence on the overall score.

3.3 Comparisonin silico

The contact and amplitude predictions by TuneS are based on a �xed pulse width
and frequency, which corresponds to the selected VTA threshold. For a retrop-
erspective comparisonin silico, the TuneS contact suggestions were compared to
the clinically active settings using the clinically active amplitude and pulse width
adjusted electric �eld norm thresholds [24]. The corresponding Dice-Sørensen's
scores of the respective VTAs are given in Fig. 8.

For both the STN subdivisions and the streamlines, high Dice-Sørensen's scores
between settings predicted by TuneS and clinical settings were achieved when con-
sidering the entire VTA and the target volume. Notably, a perfect match (D = 1)
with clinically used contact con�gurations was achieved by TuneS for the left lead
in Patient 6 when targeting STN subdivisions. Similarly, a perfect match was ob-
served for the right lead in Patient 6 when targeting STN streamlines. However,
low Dice scores were observed for the VTA comparison in the constraint volume.
Nevertheless, this discrepancy is explainable by very low or zero constraint cover-
ages for the TuneS suggestions at clinical amplitude (cf. Fig. 4b) and is therefore
not indicative of major differences between clinical and suggested settings.

As illustrated in Fig. 7, Patient 10 consistently achieved the lowest scores com-
pared to the rest of the cohort. Speci�cally, for the left lead, TuneS was unable to
identify a con�guration that provided adequate target coverage while maintaining
an amplitude below the safety constraint of 10 mA. These �ndings align with the
challenges faced during clinical programming sessions for this patient, which re-
quired frequent adjustments, and can be attributed to the lead's position, which is
relatively far from the target structure, as depicted in Fig. 9(b). Notably, the lead
position shifted substantially between the CT scan taken three days post-surgery
(i.e. Fig. 9(a)) and the one taken several months later, due to air entering the skull
during surgery, Fig. 9(b).

4 Discussion

The results presented in this paper are related to only one of the potential neur-
omodulation applications of TuneS. The pipeline is however not limited to a single
disorder and can be employed to explore stimulation targets in a wide variety of
those.
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