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Introduction

Chapter 1 : General Introduction

1.1 Parkinson’s Disease

Parkinson’s disease (PD), the second most prevalent neurodegenerative disorder, impacts 2—-3% of
individuals over 65 (Poewe et al., 2017). Its prevalence has risen over the past two decades, influenced
by ageing demographics and advancements in diagnostic methods (Bloem et al., 2021; Maclagan et al.,
2023). The age-related increase in PD is evident, ranging from 41 per 100,000 in the 40-49 age group
to 1,903 per 100,000 in the population over 80 years old (Pringsheim et al., 2014). In Germany, a unique
trend is observed with a prevalence of 1.6%, peaking in individuals older than 90 years and exhibiting
higher rates in men.

This incapacitating movement disorder is diagnosed primarily based on the manifestation of motor
symptoms. According to the Movement Disorder Society Clinical Diagnostic Criteria for PD, bradykinesia
should be present, combined with rigidity or tremor or both even in the early stages (Berg et al., 2018;
Postuma et al., 2015). Bradykinesia is characterized by slowness of movement with a decrease in
movement amplitude or speed. Rigidity refers to an increased muscle tone leading to a resistance to
passive movement in major joints (Postuma et al., 2015). Tremor is defined by the involuntary rhythmic
movement of the distal limbs, predominantly hands, at a frequency of 4 to 6 Hz (Bhatia et al., 2018;
Helmich, 2018). When the movement is observed in a resting limb, it is identified as rest tremor. This
type of tremor is the most prevalent by affecting approximately 70% of PD patients and serves as a
critical diagnostic marker (Gupta et al., 2020). However, tremor can also appear during voluntary limb
movement, known as kinetic tremor, or as the arm is held in a specific position or posture, referred to
as postural tremor (Bhatia et al., 2018).

Movement Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale
(MDS-UPDRS) is the standardized and essential tool for evaluating the range and severity of PD
symptoms (Christopher G Goetz et al., 2008; Postuma et al., 2015). In particular, parts Il and Il involve
a self-based and a clinician-based assessment of motor symptoms respectively. Based on the balance
ratio between MDS-UPDRS tremor scores and postural instability and gait difficulty scores, PD patients
can be clinically categorized into tremor-dominant (TD), indeterminate (ID), or postural instability/gait
disorders (PIGD) subtypes (Stebbins et al., 2013). Tremor-dominant subtype indicates slower disease
progression and a lower probability of developing dementia (Toni et al., 2012).

The neuropathological hallmark of PD includes the widespread aggregation of a-synuclein in the form
of Lewy bodies, primarily in the substantia nigra (SN). This aggregation disrupts dopamine signalling
and contributes to the degeneration of dopaminergic neurons in this region (Choong and Mochizuki,
2022; Kalia and Lang, 2015). The loss of dopamine, in turn, disrupts the normal balance of excitatory
and inhibitory signals in the basal ganglia, affecting motor control (Wu et al., 2012). This imbalance
leads to altered output from the basal ganglia to the thalamus and subsequently to the motor cortex,
impairing the initiation and execution of voluntary movements (Chen et al., 2023; Martel and Galvan,
2022). Furthermore, the cerebellum, which plays a crucial role in fine-tuning motor actions and

coordination, receives abnormal input due to the disrupted circuitry, leading to further motor deficits (Wu
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and Hallett, 2013; Xu et al., 2019). These changes are accompanied by altered interactions between
the entire basal ganglia-motor cortex-cerebellum network, which explains the key motor symptoms of
PD including tremor, freezing, and impairments in action sequencing, and highlights PD as a system-
level disorder (Caligiore et al., 2016; Helmich, 2018).

Tremor is a prominent symptom of PD due to its distinct neural mechanisms compared to other motor
symptoms such as bradykinesia or rigidity and its response to dopaminergic medication is notably
inconsistent (Helmich, 2018). Although the pathophysiology of PD tremor is not fully understood, it is
known that tremor has its unique oscillatory signature in the brain, implicates multiple regions, and is

associated with network connectivity impairments mentioned above (Hallett, 2012).

1.2 The Role of the CTC Network in PD Tremor

Numerous hypotheses have been proposed to elucidate the mechanism underlying the tremor in PD,
such as the Thalamic Pacemaker, the Subthalamic Nucleus (STN)-External Globus Pallidus (GPe)
Pacemaker, and the Loss-of-Segregation Hypothesis (Zhong et al., 2022). Among these, the ‘dimmer-
switch’ model as proposed by Helmich et al. (2018) provides a comprehensive theory for describing PD
tremor generation and extension across multiple brain networks. This model is grounded in experimental
evidence that links tremor activity to a variety of functional and metabolic irregularities throughout the
brain while accounting for the regional neurophysiological intricacies. According to this framework, the
basal ganglia are the initial site for PD tremor, referred to as ‘the switch’ that is activated by the
degeneration of dopaminergic neurons. This neuronal loss leads to subsequent disturbances in
dopamine-mediated synaptic connections within the basal ganglia. Consequently, these disruptions
result in altered functional connectivity (FC) in the basal ganglia-thalamo-cortical (BTC) circuitry,
manifesting as pathological bursting activities. The tremor-related pathological activity further
propagates to implicate the cerebello-thalamo-cortical (CTC) network or ‘the dimmer’ due to hyper-
synchronisation between the BTC and CTC networks in the tremor state. Consequently, the tremor
oscillation is maintained and amplified with the CTC network (Dirkx and Bologna, 2022; Duval et al.,

2016; Helmich, 2018; Helmich et al., 2021). The model schematics are presented in Figure 1.
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Figure 1. The dimmer-switch model of tremor in PD. The basal ganglia act as 'the switch', activated by dopaminergic neuron
degeneration. This disruption alters the basal ganglia-thalamo-cortical (BTC) network connectivity, leading to pathological bursting
activity. This tremor-related oscillatory activity then propagates to the cerebello-thalamo-cortical (CTC) network (‘the dimmer),
where the tremor oscillations are amplified (Dirkx and Bologna, 2022; Helmich, 2018).

Within a similar but extended paradigm, Duval et al. have introduced the 'finger-dimmer-switch' (FDS)
model (Duval et al., 2016). This model breaks down the tremor generation process into distinct stages
of initiation and consolidation. Tremor initiation is attributed to pathological neuronal activities within the
basal ganglia, referred to as ‘the finger'. This neural activity remains as transient bursts until they are
projected from the globus pallidus internus (GPi) to the thalamus, where they become entwined in a
complex interplay of excitatory and inhibitory mechanisms among thalamic nuclei. Within the inner
circuitry of the thalamus, these bursts manifest an oscillatory rhythm, therefore it is the thalamus which
is metaphorically referred to as ‘the switch’ in this model. Subsequently, the CTC gets involved through
the thalamus and takes on ‘the dimmer’ role similar to the previous model. The FDS model integrates
specific experimental findings that highlight the thalamus's pivotal role in modulating PD tremor. The
thalamus possesses a distinctive intrinsic self-regulation mechanism which is facilitated by excitatory
inputs from the anterior and posterior ventrolateral thalamic nuclei (VLa and VLp, respectively) to the
thalamic reticular nucleus (TRN), and the corresponding inhibitory feedback from the TRN to these
ventrolateral nuclei (Duval et al., 2016; Huguenard and McCormick, 2007; Paré et al., 1990).

1.3 The Role of the Cerebellum in PD Tremor

The cerebellum plays a crucial role in coordinating voluntary movements, maintaining balance and
posture, and integrating sensory inputs to fine-tune motor activities (Paulin, 2008). Interestingly, this
region is involved in various types of limb tremor, mainly with distinct cerebello-cortical fingerprints
(Caligiore et al., 2017; Muthuraman et al., 2018). In PD tremor, the cerebellum is implicated structurally,
functionally, and as part of the CTC network. Significant structural alterations include cellular level
alterations, including the aggregation of a-synuclein-formed Lewy bodies and Purkinje cell loss,
decreased grey matter volume and white matter abnormalities in the middle and superior cerebellar
peduncles, as well as iron accumulation within its deep nuclei (Piao et al., 2003; Rusholt et al., 2020;
Takada et al., 1993; Vignola et al., 1994; Wu and Hallett, 2013).
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Figure 2. Cerebellar contribution to tremor pathophysiology. The cerebellar system and its connections within the CTC
network are depicted in blue, medicated through the cerebellar nuclei, mainly the dentate nucleus, emphasizing its role in the
anatomical framework of tremor. The BTC network, responsible for the generation of tremor is shown in red, and its interactions
with the cerebellum are marked by dashed yellow lines. The dotted black lines represent the modulatory neurotransmitter
projections (Helmich et al., 2013).

Functionally, tremor oscillations can be directly traced from the cerebellum to the arm muscles,
highlighting the cerebellum's key role in driving tremor (Muthuraman et al., 2018). Furthermore, glucose
metabolism and connectivity patterns are altered in the cerebellum of PD patients with tremor, and the
activity in the cerebellar cortex and nuclei are increased in association with tremor severity (Bharti et al.,
2019; Caligiore et al., 2017; Zhong et al., 2022). Of note, the mentioned cerebellar deep nuclei,
particularly the dentate nucleus (DN), serve as relay nodes that receive projections from cerebellar
hemispheres and send output projections to the ventrolateral thalamus and subsequently to the cerebral
cortex (Miall, 2022). Figure 2 illustrates the cerebellum's functional role in tremor pathophysiology. It
highlights the cerebellum's extensive and interactive connections within the CTC network and its further
interactions with the BTC network and other relevant brain regions. The network-level role of the
cerebellum in PD tremor predominantly involves the maintenance and amplification of the rhythmic
activity within the CTC network. More details have been provided in the section 1.2 on the topic of the
FDS theory (Helmich, 2018). Given that the cerebellum is a critical node within the CTC network and
exhibits both pathological and compensatory roles in PD tremor (Wu and Hallett, 2013), focusing on this
region can help reveal network-level dynamics underlying tremor pathophysiology. Moreover, the
cerebellum is readily accessible as a target for transcranial non-invasive brain stimulation (NIBS)

techniques, making it a viable target for both research investigations and therapeutic interventions.



Methods

Chapter 2 : Material and Methods

2.1 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) is an imaging technique that uses the unique properties of atomic
nuclei possessing nonzero spin when subjected to a robust magnetic field to generate images (Plewes
and Kucharczyk, 2012). This method involves positioning the individual within a potent magnetic field
and subjecting them to transient pulses of electromagnetic energy, leading to an alteration in the spin
orientations of protons. Upon cessation of the energy pulse, these spins undergo a relaxation process,
realigning back to their equilibrium state. The speed at which this realignment occurs varies based on
the nuclei's chemical surroundings, enabling the MR signals gathered during this process to be
transformed into detailed anatomical visuals of the targeted tissues (Grover et al., 2015; Plewes and
Kucharczyk, 2012). Additionally, this technique's sensitivity to different tissue environments allows for
the distinction between various types of tissues, demonstrating the diagnostic capabilities of MRI in
identifying abnormalities and diseases within the body (Grover et al., 2015).

Conventional three-dimensional T1-weighted (T1-w) sequences are acclaimed for their ability to provide
high contrast between grey and white matter, particularly within the cortex and certain basal ganglia
structures. This capability facilitates detailed volumetric and morphometric analyses, enabling the
detection of subtle changes in cortical volume and thickness as well as morphological alterations within
the regions involved in PD (Benninger et al., 2009; Kerestes et al., 2023; Schwarz et al., 2011). In
addition to anatomical imaging techniques, diffusion-based methods such as diffusion-weighted imaging
(DWI) and tractography can reveal water diffusion in biological tissues and enable the reconstruction of
fibre tracts, respectively. Using these sequences, reduced fractional anisotropy (FA) and a decreased
likelihood of connections have been reported in PD, shedding light on the disease's impact on brain
connectivity (Pyatigorskaya et al., 2014). Functional MRI (fMRI) further expands the utility of MRI in PD
research by focusing on the brain's functional aspects. Conventional fMRI relies on detecting changes
in blood oxygenation level-dependent (BOLD) contrast, which reflects variations in deoxygenated
haemoglobin concentration. By analysing the synchronisation or temporal correlation of fMRI signals
across different brain areas, researchers can infer FC. This approach has been instrumental in studying
the functional architecture of the brain and its alteration in PD, offering valuable insights into the
disease's pathophysiology and potential therapeutic targets (Matthews and Jezzard, 2004; Weingarten
et al., 2015).

2.1.1 MRI-based Biomarkers in PD

Biomarkers are quantifiable indicators of biological or pathological states and are particularly valuable
when derived from MRI data (Califf, 2018). MRI can identify specific alterations in the brain’s
morphology, structure, or function that are characteristic of a certain disease, such as PD (Bidesi et al.,
2021). These biomarkers are crucial for reflecting the presence, severity, and progression of the
disease, offering the potential for early diagnosis and prognosis (Pyatigorskaya et al., 2014). This is
especially important in PD, where early detection of neuropathological features and understanding of

the mechanisms of neurodegeneration are essential. Some key pathological hallmarks of PD have been
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identified through biomarkers, such as the elevated iron levels and a-synuclein (a-Syn) aggregation
within the SN and the degeneration of nigrostriatal dopamine neurons, changes in mean diffusivity and
fractional anisotropy indicating microstructural degeneration in the nigrostriatal pathways, altered FC
patterns particularly in the dopaminergic and cognitive networks, and distinct metabolic network
involvement in CTC pathways primarily mediating PD tremor (Kim et al., 2017; Mure et al., 2011; Ryman
and Poston, 2020).

2.2 Computational Modelling

Utilizing computational models in the study of neurological disorders, such as PD, presents several
advantages over solely relying on empirical data, which often involves limited sample sizes due to
practical constraints. Computational models offer increased accuracy, provide robust theoretical
frameworks, and facilitate the integration of diverse methodologies and scales of brain behaviour
analysis (Deco and Kringelbach, 2014; Teufel and Fletcher, 2016). These models are particularly
advantageous in transforming our understanding and management of specific symptoms of PD, such
as tremor, where employing computational models has led to the identification and description of
underlying mechanisms while proposing innovative treatment approaches (Caligiore et al., 2016; Schiff,
2010; Yu et al., 2020). Specifically, dynamic and multi-scale computational models that are capable of
integrating data from various sources, including brain imaging techniques, are adept at addressing the
complex origin and mechanisms of PD tremor, which involve multiple brain regions and networks and
remain poorly understood. This comprehensive approach allows for making causal inferences about the
mechanisms of tremor, the consequent neural dynamics, and the efficacy of potential treatments, thus
providing a more holistic understanding of the disorder (Caligiore et al., 2016; Humphries et al., 2018;
Yu et al., 2020). For instance, mechanistic models by Caligiore et al. have clarified how dopaminergic
neurodegeneration impacts basal ganglia function, establishing a direct link to tremor (Caligiore et al.,
2019). In another study, systematic exploration of BTC connections and the relevant sub-circuits via
modelling has contributed to revealing the dynamical malfunctions, such as synchronisation issues, that
are crucial for understanding the tremor's neurobiological basis (Yu et al., 2020). A cornerstone of these
advancements is the FDS theory, as described in section 1.2 , which has been thoroughly investigated
and affirmed through dynamic causal modelling (Dirkx et al., 2017). In diagnostic methodologies, the
application of machine learning for tremor classification and analysis, leveraging high-resolution
accelerometric data, has significantly improved diagnostic accuracy and minimized bias in diagnoses
(De et al., 2023). Translating these findings into clinical applications, computational models have
enabled the investigation of complex treatment strategies such as deep brain stimulation (DBS) in
alleviating PD tremor and have contributed to advancements in hardware design, optimization
stimulation targets and parameters, and exploring alternative NIBS techniques (Little and Bestmann,
2015; Mcintyre and Foutz, 2013; Rahimi et al., 2023; Saenger et al., 2017). These examples showcase
the broad applicability of computational methods in identifying tremor markers, potentially leading to

earlier diagnosis and intervention.
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2.3 Non-invasive Brain Stimulation

NIBS techniques, established in the mid-to-late 20th century, are recognized as effective tools for
investigating and modulating neural activity (Barker et al., 1985; Woods et al., 2016). These methods
enable targeted interventions with minimal side effects, positioning them as attractive options for
therapeutic applications such as PD (Brittain and Cagnan, 2018; Fregni, 2005). Recent randomized
controlled trials have shown promising outcomes in managing PD symptoms such as tremor using NIBS,
yet they remain secondary to the established pharmacological or invasive treatments such as DBS (Erro
et al., 2022; Madrid and Benninger, 2021). Transcranial alternating current stimulation (tACS) is a NIBS
method designed specifically for exploring and modulating brain oscillations, rendering it a compelling
approach for addressing an oscillatory phenomenon like tremor (Brittain and Cagnan, 2018; Ganguly et
al., 2020). This technique involves administering a weak sinusoidal electric current to specified brain
regions by placing two or more electrodes on the scalp (Herrmann et al., 2013; Tavakoli and Yun, 2017).
The application of tACS influences the brain at both microscopic and macroscopic levels through various
mechanisms of action. At the microscopic level, tACS affects ion channels and neurotransmission
systems, impacting the fundamental biochemical pathways of neuronal communication. At the
macroscopic level, tACS influences brain oscillations and FC, primarily through a phenomenon known
as entrainment (Shirehjini et al., 2023). The periodic nature of tACS can entrain or synchronise the
intrinsic brain oscillations at the targeted region, implying that the oscillatory activity within the brain
begins to align with the periodicity of the external current. Essentially, the oscillator within the brain
becomes entrained or locked to this external stimulus. In this scenario, the terms synchronisation,
entrainment, and locking are used interchangeably to describe this phenomenon (Strogatz, 2003; Thut
et al., 2011). Entrainment is most effective when the stimulation amplitude is strong enough and the
frequency matches the endogenous oscillations (Helfrich et al., 2014; Shirehjini et al., 2023).

Among the brain regions implicated in PD symptoms, tACS is particularly suited for those that are
relatively superficial and close to the scalp, allowing weak electrical currents to reach them effectively.
Consequently, the motor cortex has been a preferred site for stimulation due to its accessibility and
involvement in motor functions (Guerra et al., 2022; Krause et al., 2014). More recently, however, the
cerebellum has been identified as a promising target for tACS, supported by a growing body of research
(Manto et al., 2021; Miterko et al., 2019). Advanced tACS techniques fine-tune stimulation signals to
effectively entrain and modulate neural oscillations within this region, enhancing the exploration of
cerebellar functions across various neural networks in both healthy and diseased states (Antal and
Herrmann, 2016; Fiene et al., 2020; Wessel et al., 2022). This approach has proven instrumental in
studying mechanisms such as cerebellum-motor cortex inhibition (CBI) and motor adaptation (Manto et
al., 2021; Naro et al., 2016; Wessel et al., 2022). The entrainment of neural oscillations through tACS
also has clinical implications, particularly in the management of PD symptoms. It has been applied to
entrain and suppress tremor in PD and essential tremor (ET), demonstrating significant therapeutic
potential (Brittain et al., 2015; Schreglmann et al., 2021). These developments not only deepen our
understanding of the complex functions of the cerebellum but also highlight the potential for targeted

neurological interventions.
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Chapter 3 : Thesis Hypothesis and Structural Outline

We have established the significance of the CTC network and its key nodes such as the cerebellum in
the dynamics of PD tremor. Methodologically, MRI-based techniques allow for the identification of
structural and functional changes within this network that could serve as potential biomarkers. Moreover,
computational modelling approaches, particularly combined with MRI data, can provide insights into the
underlying network dynamics of PD tremor. Finally, NIBS techniques such as tACS allow for entrainment
and modulation of intrinsic oscillatory activity within networks such as the CTC and can lead to an in-
depth understanding of the network and further to the development of innovative therapeutic strategies
to manage this challenging motor symptom of PD.

There are currently no comprehensive multimodal approaches that combine MRI imaging,
computational modelling, and stimulation to focus on the CTC network and cerebellum in PD tremor.
This thesis aims to address this gap by investigating these areas through diverse modalities.
Specifically, the research questions addressed in this thesis are threefold:

i. Are there structural alterations in the cerebellum, a critical region of the CTC, directly associated
with PD tremor severity?

i.  Arethere distortions in the dynamics of the whole brain and the CTC network due to PD which
could potentially be associated with tremor, and how influential is the cerebellum in the whole-
brain dynamics?

iii. How can the dynamics of the cerebellum be modulated by non-invasive stimulation?
Particularly, what are the optimum experimental design and stimulation device required to
achieve effective modulation?

To address the research questions outlined, a series of studies were designed and conducted. | took
the lead in executing the majority of this work and was the primary author of all related publications. The
subsequent chapters are each dedicated to a single research question and its corresponding study, with
the exception of Chapter 6, which encompasses two related studies. Due to the distinct nature of each
study, every chapter includes a brief introduction, methodology, results, and conclusions. All findings
are then brought together in a conclusion chapter that consolidates and discusses the research

outcomes.
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Chapter 4 : Alterations of the Cerebellar Structure in PD Tremor

This chapter presents an in-depth exploration of the alterations observed in the structure of the
cerebellum within the CTC network in individuals with PD, based upon the previously published paper,
‘Smaller Cerebellar Lobule VlIb is Associated with Tremor Severity in Parkinson’s Disease’ by
Sadeghi et al. (2023). In this study, my contributions were as follows: Conceptualization and design,

data collection and analysis, and manuscript writing.

4.1 Introduction

As discussed in the general introduction, the cerebellum’s structure is implicated in PD tremor mainly
due to its involvement in the CTC network. Notably, the cerebellum contains detailed somatotopic body
maps (Boillat et al., 2020; Choi et al., 2012) and a complex topographical organization, enabling its
various sub-regions to intricately connect with the cerebral cortex, thus supporting a spectrum of motor
functions (Diedrichsen et al., 2019; Xue et al., 2021). The anterior and posterior lobes of the cerebellum
are key to primary and secondary somatomotor functions, respectively (Buckner et al., 2011).
Specifically, regions corresponding to hand movements are located in ipsilateral lobules 111-VI, Vb, and
Vllla, which interact closely with the primary motor cortex (M1) through a series of bidirectional
projections within the CTC network (Buckner et al., 2011; Stoodley et al., 2012). Furthermore, in a
recent study, we showed that these and their adjacent lobules are associated with more favourable
hand-related recovery outcomes after a stroke (Sadeghihassanabadi et al., 2022a).

Although several studies have identified volume reductions in the cerebellar white and grey matter,
correlating with PD severity and clinical symptoms (Benninger et al., 2009; Kovacs et al., 2019; Lopez
et al., 2020; Myers et al., 2017), there is inconsistency in terms of the cerebellum’s anatomical and
microstructural alterations associated with tremor severity (Gellersen et al., 2017; Wu and Hallett,
2013). Particularly, examining structural changes in cerebellar regions with disynaptic projections to the
regions in the BTC network would be beneficial for understanding the pathoanatomy of PD tremor
(Caligiore et al., 2017; Lopez et al., 2020; O’Callaghan et al., 2016).

Advances in technology have led to the development of fully automated MRI techniques that can
accurately isolate and segment cerebellar lobules from standard T1-weighted images used in clinical
settings (Abdelgabar et al., 2019; Carass et al., 2018; Manto et al., 2021). Regardless, MRI-based
lobular morphology of the cerebellum in relation to distinct PD motor symptoms remains to be explored
(Diedrichsen et al., 2019). Therefore, in this study, we aimed to identify the relationship between the
volumes of cerebellar lobules and the severity of PD tremor (TR). Furthermore, associations with other

PD motor symptoms including bradykinesia/rigidity (BR) and PIGD were investigated.
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4.2 Methods

4.2.1 Participants

We retrospectively analysed data from 55 individuals (22 females) who have been diagnosed with PD
and underwent MRI imaging at the University Medical Center Hamburg-Eppendorf from 2014 to 2017.
The inclusion criteria for participants were: (1) age between 45 and 80 years, (2) a PD diagnosis
conforming to the Parkinson’s Disease UK Brain Bank criteria (Litvan et al., 2003) (3) no history of other
neurological disorders (such as vascular malformations, ischemic or haemorrhagic stroke, cerebral
neoplasia) or significant psychiatric ilinesses, (4) availability of high-resolution T1-weighted images, and
(5) provision of written informed consent. The study’s procedure received approval from the local ethics
committee of Hamburg and adhered to the Declaration of Helsinki standards.

For all PD patients, we collected demographic information including age, sex, disease duration, more
affected body-side, and Hoehn and Yahr stage. Motor symptom severity was assessed using the MDS-
UPDRS part Ill scale (Christopher G. Goetz et al., 2008) by PD nurses trained according to the
Movement Disorder Society’s protocols and under the guidance of movement disorder experts and
experienced neurologists. The more affected body side of each patient was determined by comparing
right and left side MDS-UPDRS part Ill scores. Patients were classified into two PD subtypes: TD and
PIGD, based on their MDS-UPDRS motor scores and a method proposed by (Stebbins et al., 2013).
This classification involves calculating the ratio of mean tremor scores to mean PIGD scores from
specific MDS-UPDRS 1l items, with ratios <1 indicating PIGD subtype, >1 and <1.5 as indeterminate
(excluded from analysis), and =1.5 indicating TD subtype. Furthermore, symptom-specific sub-scores
were extracted for tremor (TR) from the sum of MDS-UPDRS items 2.10, 3.15 (postural tremor), 3.16
(kinetic tremor), 3.17, and 3.18 (rest tremor severity, constancy and frequency); BR from items 3.3, 3.4,
3.5, 3.6, 3.7, and 3.8; and PIGD from items 2.12, 2.13, 3.10, 3.11, and 3.12 (Poston et al., 2020). These
sub-scores were individually included in the statistical analysis to investigate the associations between
the corresponding motor symptoms and cerebellar volumes. All scores were calculated in OFF-
medication status.

4.3 MRI Analysis

T1l-weighted MRI images were acquired using a Siemens 3T Skyra scanner (Siemens Healthcare,
Forchheim, Germany) equipped with a 32-channel head coil, employing magnetization-prepared rapid
gradient echo (MPRAGE) sequences. The imaging parameters included an echo time (TE) of 2500 ms,
a repetition time (TR) of 1.9 ms, a flip angle of 9°, a slice thickness of 1 mm, and a voxel resolution of
0.85. Imaging took place within a week following the MDS-UPDRS assessments. To minimize MRI
artefacts from head motion, particularly in PD participants with tremor, a snug head coil and stabilizing
cushions were used to secure the head.

The T1-weighted images were anonymized, defaced, visually inspected for quality, and adjusted for
orientation using SPM12 (Penny et al., 2007). Volumetry analysis of the cerebellum was performed
based on the automated CERES pipeline while controlling for individual age and sex variability (Carass

etal., 2018; Romero et al., 2017). The process included segmentation, denoising (Manjon et al., 2010),
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linear and non-linear registration to the MNI152 template (Avants et al., 2009), intensity normalization,
and subject-specific extraction of 13 cerebellar lobules including lobules I, 11, 1, 1V, V, VI, VlIb, Vllia,
VIlIb, IX, X, crus | and crus Il in each cerebellar hemisphere as absolute values in cm3 (Giraud et al.,
2016; Manjon et al., 2014; Park et al., 2014; Romero et al.,, 2017). An automatic inhomogeneity
correction was performed before and after linear registration (Ashburner and Friston, 2005; Tustison et
al., 2010). Additionally, total cerebellar volume and total intracranial volume (ICV) were extracted and
further used to normalize the absolute values. All calculated volumes underwent visual verification to

confirm the absence of outliers.

4.4 Statistical Analysis

In this study, we employed multiple linear regression models to examine the relationship between MDS-
UPDRS part lll, TR, BR, and PIGD scores as dependent variables and total cerebellar volume along
with individual cerebellar lobule volumes as independent variables. Acknowledging the prevalence of
age-related atrophy in both the cerebrum and cerebellum (Jernigan et al., 2001), we adjusted for ICV
and age in our models, following a linear residualization method as per Rojas Albert et al. (Rojas Albert
et al., 2022), and also considered sex as a covariate. To enhance data normality, TR, BR, and PIGD
scores were logarithmically transformed (LOGio0). We applied a leave-one-out analysis (LOOA) to
improve the robustness of our findings by identifying and excluding influential outliers. Multiple
comparison corrections were performed using the false discovery rate (FDR) method (Benjamini and
Hochberg, 1995) for 15 volumes of interest in the analyses of MDS-UPDRS part I, TR, BR, and PIGD
scores. We further analysed distinct tremor types—postural, kinetic, and rest tremor—utilizing a
predefined post-hoc multiple regression analysis to examine their association with cerebellar lobule
volumes. Additionally, to isolate the impact of hand tremor and mitigate potential confounding influences
from leg and jaw/lip tremors on our findings, we conducted a targeted post-hoc analysis on the upper
extremities. This involved adjusting the overall tremor score by excluding the MDS-UPDRS scores
related to leg and jaw/lip tremors. The adjusted scores were then analysed using the same multiple-
regression framework to explore associations with cerebellar volume. All statistical analyses were
conducted using R version 4.0.3 (r-project.org), and a corrected p-value of <0.05 was set as the

threshold for statistical significance.

4.5 Results

4.5.1 Demographic and Clinical Results

Table 1 presents the demographic and clinical characteristics of PD patients. The median age of the
group was 65 years, with an age range between 48 and 79 years (interquartile range, IQR). The duration
of the disease varied, with a median of 11 years and an IQR of 1 to 25 years. Motor symptom severity
in the cohort was generally mild to moderate, evidenced by a median motor symptom score of 33 (IQR

of 14 to 65) and a median Hoehn and Yahr stage of 2, ranging from 1 to 4 (IQR).
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Table 1. Demographic and clinical characteristics of PD patients

Group size (%) Mean (SD) Median [Min, Max]

Sex 55

Female 22 (40.0%)

Male 33 (60.0%)
Age 62.6 (7.60) 65.0 [48.0, 79.0]
Disease Duration 11.5 (4.14) 11.0[1.00, 25.0]
PD Subtype

PIGD 45 (81.8%)

D 10 (18.2%)
MDS-UPDRS total (OFF) 62.6 (20.8) 58.5[33.0, 121]
MDS-UPDRS Il (OFF) 35.5 (13.3) 33.0[14.0, 65.0]

BR Score 20.4 (8.2) 20.0 [5.00, 41.0]

TR Score 6.4 (6.9) 4.00 [0, 26.0]

PIGD Score 6.3 (4.1) 6.00 [0, 15.0]
Hoehn & Yahr (OFF) 2.4(0.7) 2.00 [1.00, 4.00]

MDS-UPDRS: Movement Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale, MDS-UPDRS IlI: part Il motor
examination, BR: bradykinesia, TR: tremor, PIGD: postural instability and gait disorders, SD: standard deviation

4.5.2 Cerebellar Volumes vs. Symptom Severity

Our linear regression analyses identified a significant negative correlation between the volume of the
cerebellar lobule VIIb and tremor severity score (p = 0.004, see Figure 3 and Table 2). No significant
correlations were observed between tremor severity and the volumes of the total cerebellum or other
individual lobules (Table 2). Additionally, disease duration was significantly associated with tremor
severity score (p = 0.006), while age, sex, and ICV did not show a significant impact (Table 3). Further
results related to individual cerebellar lobules are provided in Supplementary Table S1.

The analysis exploring associations between cerebellar structure and motor symptoms of bradykinesia
and rigidity, as indicated by BR and PIGD scores, did not identify any significant relationships (all p-
values > 0.13, refer to Supplementary Table S2 and Table S3). Further investigation into different types
of tremor through post-hoc analysis highlighted that the severity of kinetic tremor was driving the
significant association observed between tremor severity and volume of lobule Vlib, a finding which
remained robust after both LOOA and FDR correction (p = 0.002). However, neither postural tremor (p
= 0.066) nor rest tremor (p = 1.000) demonstrated a significant relationship with the volume of lobule
VIIb (refer to Supplementary Table S4, Table S5, and Table S6). Additionally, a post-hoc regression
analysis focusing specifically on hand tremor confirmed the primary result, revealing a significant
correlation between the volume of lobule VIlb and hand tremor severity (p = 0.005, see Supplementary
Table S7).
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Figure 3. Association between volume of cerebellar lobule VlIb and tremor severity scorein PD through linear regression
analysis. A) The plot features a logarithmic scale on the y-axis, with individual lobule VIlb volumes and total tremor scores
represented as scatter points. The grey area around the regression line indicates the 95% confidence interval. B) cerebellar
flatmap, with the colour scale representing p-values (expressed as -Log10(P) for clearer visualization) that correspond to the beta
coefficients of lobule volume with total PD tremor score. C) a 3D reconstruction of the cerebellum, with bilateral lobule Vb
specifically highlighted.

Table 2. Association between cerebellar volumes and tremor scores in PD patients

Cerebellar regions Beta coefficient (95% CI) p-values
Cerebellum -0.01 0.166
Lobule I-11 -2.70 0.031
Lobule Il -0.38 0.063
Lobule IV 0.06 0.510
Lobule V -0.03 0.546
Lobule VI <0.00 0.835
Crus | 0.01 0.690
Crus Il -0.04 0.094
Lobule VilIb -0.13 0.004*
Lobule Villa -0.05 0.152
Lobule Villb -0.03 0.385
Lobule IX -0.05 0.284
Lobule X -0.15 0.502

*p-values that are significant after LOOA analysis as well as FDR correction. Results of multiple linear regression models are presented and the
primary outcome is demonstrated via beta coefficient. The confidence interval is considered as 95%. Cerebellar lobules exhibiting a significant
association with tremor severity score are highlighted in bold. Results are adjusted for age, sex, disease duration, and ICV. LOOA: leave-one-out
analysis; FDR: false discovery rate; ICV: intracranial volume
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Table 3. Co-factors in the relationship of lobule VIIb volume and tremor severity

95% ClI
Model variables Beta coefficient (95% CI) p-values
lower upper

Volume of VIIb (cm?) -0.13 0.024* -0.21 -0.04
Age (years) -0.01 0.339 -0.02 0.01
Sex (M/F) 0.05 0.289 -0.20 0.30
Disease Duration (years) -0.03 0.006* -0.06 -0.01
ICV (cmd) <0.01 0.386 0.00 0.00

*p-values that are significant after LOOA analysis as well as FDR correction. The results are controlled for age, sex, disease duration, and ICV as
covariables. Significant factors are highlighted in bold. The primary outcome is reported as a beta coefficient and the confidence interval is
considered as 95%. LOOA: leave-one-out analysis; FDR: false discovery rate; ICV: intracranial volume

4.6 Discussion

This study reveals significant correlations between the volume of cerebellar lobule Vilb and tremor
severity in PD, highlighting the structural implications of the cerebellum in the pathophysiology of tremor.
Previous research suggests that structural alterations within the cerebellum are linked to reduced
resting-state FC between the cerebellum and the sensorimotor network and are therefore associated
with the severity of PD tremor (O’Callaghan et al., 2016). In general, the cerebellum’s involvement in
PD tremor is best understood through a network perspective, particularly through the FDS framework
as discussed in the general introduction. The cerebellum further interacts directly with SN and other
regions within the basal ganglia in PD through disynaptic projections, highlighting its integrated role in
motor functions (Manto et al., 2021; Washburn et al., 2024). Specifically, cerebellar lobule VII has
topographically organized connections not only to the M1 but also to the sensorimotor portion of the
STN, a key site for pathological tremor oscillations (Bostan and Strick, 2010; Caligiore et al., 2017).
These connections facilitate the STN’s influence on cerebellar activity, thereby completing a feedback
loop crucial for tremor dynamics (Bostan and Strick, 2010). The specific involvement of cerebellar lobule
VIIb in PD tremor, reflected by the FDS model, has been identified through grey matter atrophy among
tremor-dominant PD patients (Piccinin et al., 2017). Nonetheless, refining the complex relationship
between cerebellar atrophy and tremor severity in PD proves challenging due to inconsistent findings
across various cerebellar regions. Studies often report various levels of atrophy in lobules 1V, V, VI,
Vllla, VIlIb, Crus I, and the vermis, which highlights the cerebellum's intricate and diverse role in
manifesting tremor in PD (Benninger et al., 2009; Gellersen et al., 2017; Li et al., 2020; Lopez et al.,
2020; Van Den Berg and Helmich, 2021).

Our study describes a novel structural-clinical correlation in the cerebellum in PD tremor, specifically
linking structural changes in individual cerebellar lobules to the severity of kinetic tremor. Such distinct
delineation between the types of tremor, especially focusing on kinetic tremor and its cerebellar
associations is relatively underexplored in the literature (Van Den Berg and Helmich, 2021). Our findings
are distinct from previous associations, which primarily connected rest tremor severity with
morphological alternations in cerebellar lobules such as IV and Vllla but did not report significant results
for kinetic or postural tremor types (Benninger et al., 2009; Lopez et al., 2020). However, in other types
of tremor such as in ET, significant associations between kinetic tremor and the volume of cerebellar

lobule VIIb, among others, have been documented (Broersma et al., 2016; Dyke et al., 2017). The
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inconsistency in findings may stem from the diverse pathophysiological mechanisms underlying
different tremor manifestations (Dirkx et al., 2019; Helmich et al., 2013).

This study identifies a volumetric relationship that is specific to tremor severity and does not extend to
rigidity or bradykinesia. Furthermore, this association is limited to hand tremor, with no significant
findings for tremor manifestations in the legs, jaw, or lips. These observations are consistent with recent
research that has highlighted a cerebellar correlation exclusively with MDS-UPDRS tremor scores for
the upper limbs (Bohnen et al., 2021; Lopez et al., 2020). In this study, age was not a contributing factor
to the primary outcome, while a longer duration of the disease was significantly linked to decreased
tremor severity. Although both age and disease duration might influence the clinical manifestations of
PD (Cilia et al., 2015), the high variability in disease duration and the small effect size pose challenges
to the interpretation of these results (Marras and Lang, 2013).

The limited sample size of this study restricts the generalizability of the findings. To address this
limitation and enhance the robustness of our statistical analysis, LOOA was employed, prioritizing
specificity over sensitivity. The study did not explore structural variations between subtypes of PD (TD
vs. PIGD) due to the inadequate number of participants within each subtype to form comparably sized
groups, and performing regression models with insufficient sample sizes would lead to reduced
statistical power (Button et al., 2013).

Our findings suggest that a reduced volume of lobule Vb could be considered a potential biomarker
for tremor severity in PD, echoing the relative criteria in the field (Miller and O’Callaghan, 2015) and
further contribute to enhancing the cerebellar morphological mapping of tremor-associated regions and
networks. The identification of this structural characteristic holds promise for prognostic assessment
and therapeutic interventions. Future research is encouraged to include larger cohorts of PD
participants, categorized into age- and sex-matched groups according to PD subtypes. Additionally,
incorporating longitudinal studies with both MDS-UPDRS assessment and imaging data could offer
greater insights into how age and disease progression influence volumetric changes in PD over time.
Particularly relying on higher-resolution MRI technology (>3T) alongside specialized sequences such
as guantitative susceptibility mapping (QSM) can reveal detailed structures within the cerebellum that

are relevant in tremor pathophysiology, including the dentate nucleus (He et al., 2017).
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Chapter 5 : Distortions of the Whole Brain and CTC Equilibrium in PD

This chapter explores the broader neurological implications of PD and presents findings from a
collaborative study between the University Medical Center Hamburg-Eppendorf, Germany and Pompeu
Fabra University, Spain. The focus of this research is on disturbances within the brain's equilibrium,
specifically targeting the CTC network. The corresponding paper, titled "The Arrow of Time in
Parkinson’s Disease" by Sadeghi et al. (2024) is currently under review. My contribution to this project
included the conceptualization and design, data collection and analysis, interpretation, and manuscript

writing.

5.1 Introduction

The healthy brain relies on time-sensitive computations to ensure survival and efficient processing of
information. These computations are orchestrated within a dynamic, spatiotemporal hierarchy (Carr,
1993). The flow of information and energy are organized within this complex system in ways that adhere
to physical laws, especially those of thermodynamics. The notion of the ‘arrow of time’, introduced by
Nobel Laureate Sir Arthur Eddington, describes the directional progression of events within a system,
which is closely linked to the flow of information and energy (Murphy and Eddington, 1928). In a perfectly
balanced system with complete equilibrium, information ceases to flow, resulting in events unfolding
symmetrically with no definable start or finish. However, any disturbance to this equilibrium leads to a
directional information flow, signifying a deviation from temporal symmetry or reversibility. This principle
is instrumental in examining causality within complex systems. The presence of a directed information
flow suggests an underlying causal link offering insights into the interconnected dynamics of system
components (Liang, 2018; Pearl, 2009; Runge, 2015).

The healthy human brain inherently functions as a non-equilibrium system, driven by energy-consuming
and non-reversible molecular and cellular activities, including neuronal firing and information processing,
which are essential for survival and maintaining consciousness (Lynn et al., 2021; Sanz Perl et al., 2021,
Tomé and De Oliveira, 2012). In disease state, deviations from this non-equilibrium baseline may occur,
stemming from pathological changes in structure and function or through compensatory mechanisms
(Cruzat et al., 2023; Deco et al., 2021). Expanding on the innovative approaches by Seif et al. (2021),
who introduced a machine learning method to analyse temporal asymmetries and understand causal
dynamics in non-equilibrium systems, Deco et al. (2022) developed a method to measure non-
reversibility in the brain. This method uses temporal variations in fMRlI BOLD signals to assess
information flow dynamics.

To maintain equilibrium and ensure energy-efficient information flow, brain regions must operate and
interact within specific hierarchical organizations (Buzsaki, 2009). These spatiotemporal patterns
include directional influences, with the influencing region considered higher in the hierarchy than the
influenced region (Shettigar et al., 2022). A non-equilibrium system inherently operates within a layered
hierarchical organization (Kringelbach et al., 2023); therefore, identifying the directional arrow of time

can enable the computation of hierarchical indices or relative 'heights' of brain regions. Methods such
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as those by Mackay et al. (2020) facilitate this quantification. Numerous studies have utilized the
characteristic hierarchical organization of various brain states to explore underlying mechanisms and
distinguish between conditions such as cognitive tasks, levels of consciousness, and neurological
disorders (Bolton et al., 2023; Cruzat et al., 2023; de la Fuente et al., 2023; G-guzman et al., 2023;
Kringelbach et al., 2023; Sanz Perl et al., 2021; Zanin et al., 2020).

The extensive implications caused by PD neuropathology in the brain have been discussed in the
general introduction. Among those, the functionality and synchronisation impairment within the BTC and
the CTC networks are of relevance for investigations of brain balance (Dirkx and Bologna, 2022;
Helmich, 2018). Even though various structural and functional impairments of PD are well-documented
(Delaveau et al., 2010; Filippi et al., 2019; Kim et al., 2017; Tahmasian et al., 2015; van Eimeren et al.,
2009; Wolters et al., 2019), there remains a gap in our understanding of whether these impairments
affect the overall balance of the brain and disrupt its hierarchical organization. The arrow of time
approach, as described above, is capable of leveraging conventional fMRI data to detect dynamical
abnormalities i.e. temporal asymmetries by computing pairwise correlations between forward and
artificially reversed BOLD timeseries. For this study, we hypothesized that PD would be associated with
dynamical alterations across the brain, namely altered reversibility and equilibrium levels at the global,
network, and local scales during the resting state. We sought to test the informative quality of the arrow
of time approach in revealing underlying PD pathology by performing pattern separation of reversibility
profiles between the healthy and disease cohorts. Additionally, we explored alterations in the

hierarchical organization of the brain due to this neurodegenerative disease.

5.2 Methods

5.2.1 Participants

30 individuals diagnosed with PD (mean age 60 years, SD = 10.80) were recruited from the outpatient
clinic of the Department of Neurology of the University Medical Center Hamburg-Eppendorf, as well as
20 healthy age- and gender-matched participants (mean age 64 years, SD = 9.02). The inclusion criteria
were as follows: (1) being within the age range of 40 to 85 years; (2) for patients: a confirmed diagnosis
of PD based on the UK Brain Bank criteria (Litvan et al., 2003); (3) absence of any history of head
trauma, concurrent neurological disorders, psychiatric conditions, or substance misuse; (4) non-
pregnant state ;(5) adherence to MRI safety standards; (6) ability to provide informed consent.

All participants underwent identical MRI scanning protocols. One patient and one healthy individual were
excluded from the study due to the inability to finish the scanning session and insufficient quality of MRI
images respectively. The patients underwent a clinical neurological examination by a board-certified
neurologist with specialty training in movement disorders who was blinded to the MRI data. Symptom
severity was assessed using the MDS-UPDRS parts Il and Il (Christopher G. Goetz et al., 2008) and
Hoehn and Yahr stages (Hoehn and Yahr, 1967). All participants provided written consent, and
experiments were conducted according to the Declaration of Helsinki and local ethical regulations, with
precedent approval from the local ethics committee of Hamburg. One Parkinson's disease patient was
excluded due to a hand tremor during the MRI session, which caused significant movement artefacts

that could not be corrected. Additionally, one healthy control was excluded because a complete MRI
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session could not be recorded, and the necessary diffusion-weighted imaging (DWI) for model
construction was not obtained Demographic information and clinical assessment results are

summarized in Table 4.

Table 4. Demographical and clinical characteristics of PD patients and healthy controls.

PD patients Healthy controls p-values
n=29 n=19

Age 63.76 (9.02) 59.68 (10.80) 0.16
Sex (number of females) 13 10 0.60
Disease Duration 2 3.69 (2.75)
MDS-UPDRS I 7.72 (5.55)
MDS-UPDRS IlI 31.03 (9.18)
Hoehn and Yahr

Stage | 3

Stage I 22

Stage Ill

Stage IV 0
PD Subtype

TD 20

PIGD 9

aDisease duration is from the time of official diagnosis. Values are presented as mean, with SD in parentheses, unless otherwise specified.
Demographic homogeneity regarding age and sex was assessed between cohorts by using a 2-tailed and 2-sample t-test and the Kruskal-Wallis
test respectively. SD: standard deviation; MDS-UPDRS IIl: Movement Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease
Rating Scale, part lll; TD: tremor-dominant; PIGD: postural instability and gait disorders

5.2.2 MRI Acquisition

T1l-weighted MRI images were acquired via an MPRAGE sequence on a 3T scanner (Siemens
MAGNETOM Prisma, Erlangen, Germany) with a standard 64-channel head coil, 256 coronal slices with
a field of view (FOV) = 230 mm, TE = 2.15 ms, TR = 2500 ms, flip angle = 8°, voxel size = 0.8 x 0.8 x 0.8
mm, matrix dimension = 232 x 288 x 256, scanning time = 5:49”, and bandwidth = 240 Hz/pixel. For
resting-state fMRI (rs-fMRI) images, we used a gradient echo planar imaging (EPI) sensitive to BOLD
contrast, 200 slices with FOV = 216 mm, TR = 2220 ms, TE = 30 ms, flip angle = 80°, voxel size = 3 x
3 x 3 mm, matrix dimension = 504 x 504 x 200, distance factor 20%, scanning time = 7:32”, and
bandwidth = 2170 Hz/pixel. Diffusion-weighted imaging (DWI) was performed using FOV =218 mm, TR
= 6800 ms, TE = 76 ms, voxel size = 1.8 x 1.8 x 1.8 mm, matrix size = 122 x 122 x 480, and bandwidth
of 1640 Hz/pixel. The data were recorded with 96 optimal nonlinear diffusion gradient directions at b =
0 and b = 2000 s/mm2.

5.2.3 MRI Processing

The MRI processing was primarily conducted using the Connectome Mapper 3 (v3.1.0) pipeline
(Tourbier et al., 2022). Anatomical T1-w images were first processed with Freesurfer (v7.1.1) for contrast
normalization, tissue segmentation, and cortical surface reconstruction (Desikan et al., 2006). The
processed images were parcellated into 1058 regions of interest (ROI) based on the Lausanne2018

atlas, encompassing 998 cortical and 60 subcortical regions (Cammoun et al., 2012; Tourbier et al.,

18



Brain equilibrium distortion in PD

2022). The cerebellum was isolated and processed in parallel using the Cerebellums Segmentation
(CERES) pipeline (Carass et al., 2018; Romero et al., 2017). It was segmented into thirteen distinct
lobules and then integrated into the Lausanne2018 parcellation. This integration culminated in a whole-
brain parcellation consisting of 1084 ROls, referred to as the LC parcellation.

To facilitate investigations on the local and network levels, the 1084 parcellations were categorized into
larger brain regions such as cortical lobes, thalamus, basal ganglia, brainstem, and cerebellum,
following the Desikan-Killiany ROl mapping (Alexander et al., 2019). For network analysis, specific
regions belonging to the BTC and CTC networks were identified and extracted based on the
classification by Caligiore and Lewis respectively (Caligiore et al., 2016; Lewis et al., 2013). The BTC
network comprised 167 ROIs within the basal ganglia (striatum, globus pallidus internus and externus,
and subthalamic nucleus), the thalamus (the anterior ventral lateral nucleus), and the motor cortex (the
primary and supplementary motor areas). The CTC network was characterized by 255 ROIs, including
the cerebellum, the thalamus (the posterior ventral lateral nucleus), and the motor cortex (the premotor
and somatosensory areas). Given that the resulting parcellation is anatomical and lacks certain
functional mappings required for the analysis, automated anatomical labelling (AAL) parcellations were
concurrently generated for every participant using the Connectome Mapper 3 pipeline. To integrate
these two sets of parcellations for each individual, a custom-made algorithm was developed in MATLAB
that used optimum probability mapping techniques for a precise bridging (The MathWorks, Inc., 2022).
Details are provided in the Supplementary Materials and Supplementary Table S8.

The DWI image processing involved denoising via Mrtrix3 (Tournier et al., 2019), followed by bias field
correction using FSL FAST. Corrections for motion artefacts and eddy currents were conducted using
FSL MCFLIRT and Eddy, respectively (www.fMRIb.ox.ac.uk/fsl, FMRIB, Oxford). The pre-processed
images were resampled to 1 x 1 x 1 mm voxels. DWI images were then registered to T1-w images using
the ANTS toolbox (Avants et al., 2009). Reconstruction and tractography were conducted using the
Mrtrix3 probabilistic modelling approach. As a result, individualized structural connectivity (SC) matrices
were generated.

The pre-processing of fMRI images included discarding the initial five volumes, adjustment for slice
timing and linear head motion using FSL, followed by removal of linear trends using the scipy library in
Python (Van Rossum and Drake, 1995; Virtanen et al., 2020). Subsequently, motion-, cerebrospinal
fluid (CSF), and white matter-induced nuisance signals were regressed out using the general linear
model technique. Rs-fMRI images were then aligned to T1-w images using FSL. For each participant,
ROIl-averaged BOLD time series were extracted for the whole brain LC parcellation. Both DWI and fMRI

analyses were conducted in native space.

5.2.4 Empirical Framework of Non-reversibility/Non-equilibrium

Quantifying entropy production directly in a high-dimensional context, such as our fine parcellation with
over a thousand ROIls, presents significant challenges. To reach this goal while keeping the
computational load at a feasible level, we adopted the INSIDEOUT framework, a thermodynamic-driven
approach introduced by Jarzynski (Seif et al., 2021). As illustrated in Figure 4A-B, this is a technique to

guantify empirical deviations from reversibility, referred to as non-reversibility, through pairwise
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correlations of temporally-shifted series (Deco et al., 2022). Extracted time series from regions x(t) and
y(t) are artificially reversed, resulting in x™ (t) and y™(t), enabling a correlational analysis between

forward and backward time series as depicted in [1] and [2] respectively.

Cforward (At) =<x(t), y(t+ At) > (1]
Creversea(A) = <x(0), yO(t + At) > [2]

The ¢ represents Pearson’s correlation coefficient and At denotes the induced time shift. The absolute
difference of the above correlations reveals the level of pairwise asymmetry or non-reversibility for the

given time shift At = T between nodes x and y, referred to as I

.y» as per the following formula:

Ix,y(T) = |Cforward(T) — Creversed (T)l [3]

The level of non-reversibility/non-equilibrium can be generalized by extending the pairwise computations
to all regions. Here, x;(t) represents the forward version of a multidimensional time series describing
the system’s dynamics, where i represents different dimensions. Similarly, x;(t)denotes the
corresponding reversed backward time series. The forward and reversed time-shifted correlations can

thus be expressed as functional causal dependency matrices or FS, as described in [4] and [5].

1
FSforward,ij(At) = _Elog (1 — <X (t) ,Xj(t + At) >2) [4]

1
FSreversed,ij(At) = _Elog (1 —< xi(r) (t) ’xj(r) (t + At) >2) [5]

For the given time shift At = T, the global measure of non-reversibility, or I, can be computed by the

guadratic distance between the forward and reversed time-shifted matrices, as given by [6].
I = ”FSforward (T) - FSreversed (T)||2 [6]

In our investigation, we selected a time shift of T = 1 s, determined by the autocorrelation function of the
BOLD signals with our TR = 2.2 s ensuring a sufficiently decaying autocorrelation. For empirical non-
reversibility computation, the extracted BOLD signals from the 1084 ROI parcellation were used after
band-pass filtration between 0.008 and 0.08 Hz. Twenty-two hippocampal regions and eleven gyral
subregions were excluded uniformly across participants due to insufficient quality of time series signals.
Non-reversibility or non-equilibrium levels were computed for each participant across the remaining
1051 nodes. To estimate the global non-reversibility levels, the whole-brain values were averaged
across all regions. For the node-level analysis, the value pertaining to each ROI within the 1051x1051
non-reversibility matrices was averaged within each cohort. On the network level, the focus was directed
towards the regions within the BTC and CTC networks, with their corresponding data extracted as

described in the MRI processing sections.
20



Brain equilibrium distortion in PD

To compare the distribution broadness of empirical non-reversibility between PD and healthy cohorts
on a node level, we employed the Brown-Forsythe test of variance, known for its robustness against

deviations from normality assumptions (Brown and Forsythe, 1974).
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Figure 4. An overview of the methodological workflow to capture the arrow of time in PD. A) A step-by-step depiction of
how non-reversibility (non-equilibrium) of the information flow is computed in the PD and healthy brain. The anatomical T1-w
images are segmented and parcellated into a thousand regions of interest (ROI) in cortical, subcortical, and cerebellar regions.
Resting-state fMRI (rs-fMRI) data are processed and BOLD signals are extracted from each ROI. Non-reversibility levels are
computed by computing pair-wise correlations between time-shifted forward and artificially reversed time series. B) The model-
free INSIDEOUT approach allows for quantification of non-reversibility measurement based on empirical data on multiple spatial
scales. C) The model-based approach includes the construction of whole-brain computational models of generative effective
connectivity (GEC), which are informed by empirical non-reversibility levels. The models can be used to perform pattern separation
between PD and health and also to provide insight into hierarchical organization alterations between the two states.

21



Brain equilibrium distortion in PD

5.2.5 Model-based Framework of Non-reversibility

5.2.5.1 The Hopf Model

We constructed whole-brain generative effective connectivity (GEC) models according to the
methodology described by Kringelbach et al. (2023). According to this framework, the brain is
represented as a network of coupled Hopf oscillators, with each node's local dynamics governed by the
linearized form of a nonlinear supercritical Hopf bifurcation. The main computational elements are
presented below, with the full description provided in the Supplementary Materials.

In the GEC model, the dynamics of node n are described as [7].

ﬁ = Zj(aj + l(J)] - |Z12|) + Zg:l Cjk(zk - Z]) + n] [7]

de
Where
zj = pjeief = xj +1y; [8]

The state variable z; for the j-th oscillator is represented as a complex number with components x; and
y;j corresponding to the real and imaginary parts, respectively. The natural frequency of the oscillator is
denoted by w;, and Cj, is the element of the coupling matrix that indicates the connection strength
between the j-th and k-th oscillators. The system also includes additive Gaussian noise n; (SD = 0.02).

The system undergoes a bifurcation when a; = 0. For a; < 0, a stable fixed point is observed at z; = 0;
and for a; > 0 the system’s dynamics exhibit limit cycle oscillations at a frequency of % Hz. A fixed value

of a; = —0.02 was used, and the intrinsic frequency of each node, w;, was derived from the average
peak frequency of the empirical time series pertaining to that node.

Given the large-sized 1051-region parcellations, training individual nonlinear Hopf models for each
subject proved computationally impractical. As an alternative, we adopted a linear approximation
method, which assumes minor nonlinearities and negligible noise, to estimate system statistics
efficiently (Deco et al., 2023). As described in the Supplementary Materials, this method streamlines the
computation process by directly deriving the system’s statistics, thus eliminating the need for stimulating
BOLD time series. Using FC which is based on the Pearson correlation matrix of time series, the activity
between pairs of brain regions, and the time-lagged covariance matrix CS, (T) for a given time shift At =

T, we performed local optimization of C for each node, as given in [9].

Coyj=Ci+e (FC empirical _ FC{’;"del) + e'(CS,,(T)i}””i”C“l — €S (T {f;odel) [9]

Where € = 0.0004 and €'= 0.0001. To expedite the training process, a mean C is first trained from each
group’s averaged empirical FC and CS,,(T), followed by initializing individual C values with the relative
group averages and further optimizing until convergence. The results yield models informed by non-

reversibility measures, otherwise known as directed GEC graphs. To account for the unique anatomical
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features of each brain in the analysis, the optimization procedure was specifically tailored to nodes that
exhibited a connecting fibre density above zero, as indicated by the associated SC matrix. The SC
matrix has been normalized by dividing each of its elements by the matrix's maximum value. This
normalization adjusts the SC matrix values to fall within a range of 0 to 0.2, effectively calibrating the
influence of each connection to better reflect the dynamics of the brain network.

To compare the GEC patterns between PD and healthy states while addressing the issue of multiple
comparisons, a linear kernel support vector machine (SVM) was trained to distinguish effective
connectivity patterns between the two cohorts. The robustness of the model was ensured through cross-
validation, maintaining an 85% to 15% training-to-test split over 1000 iterations. To confirm the reliability
of SVM outcomes, the pattern separation technique was also applied to SC and FC. The network
analyses focused on the BTC and CTC regions. As a control measure for the network analysis, the
same trained SVM was applied to models with regions outside of these specific networks. A concise

visual summary of the model-based approach is illustrated in Figure 4C.

5.2.6 Inferring the Brain’s Hierarchical Organization

Whole-brain GEC measures provide insights into the hierarchical organization of the brain. Adopting the
approach described by Mackay and colleagues (Mackay et al., 2020), a trophic hierarchy level can be
computed for every node in the directed GEC network. This mathematical method relies on the
asymmetry of in- and out-flows from each node, also reflecting the network’s functional properties such
as coherence.

In our whole-brain model, which consists of a set N of nodes and a set E of directed edges, each edge
from the node m to node n is denoted as m — n and carries a positive weight represented by w,,, > 0,
and all weights compiled into a matrix W. w,,, = 0 signifies the absence of an edge from m to n. This
matrix is referred to as the adjacency matrix A when all edge weights are standardized to 1. We
aggregate multiple edges between m and m by summing their weights, and self-edges m - m are
allowed. The in-weight and out-weight (also known as in-strength and out-strength, respectively) for

each node n are defined as follows.

in _ t —
wrlln - ZmEN Wmn and wgu - ZmEN Wnm [10]

The total weight of the node n is defined by u,, as given by [11].

Un = ZmeN Wmn t ZmeN Wpm [11]

For a given node, the imbalance between the in- and out-flow of the node is given by v, , which indicates

the difference between the in- and out-flow of the node n as below.

v, = o — ¥ [12]
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The weighted graph-Laplacian operator A on vectors h is given in [13]
(Ah)m = umhm - ZneN(wmn + wnm)hn [13]

This can also be described in the matrix form as in [14].
A =diaglu) —wW — W7 [14]

The trophic level is defined as the solution of h by computed by solving the linear equation in [15].
Ah=v [15]

Moreover, the trophic incoherence denoting the directionality of the network can also be determined

using the hierarchy level h, as per [16].

_ —1)2

Ymn ®@mn

Where coherence is defined as 1 — F,. A network is maximally coherent if F,= 0 and incoherent if
Fy= 1. Using the constructed GEC models, we computed trophic coherence and hierarchical levels for
the 1051-region parcellation in PD and healthy states. Global measures were derived by averaging
values across nodes. Subsequently, for node-level analysis, hierarchy index values were flattened into
one dimension. Matrix flattening is a process used to transform a multi-dimensional array into a one-
dimensional array. This simplification allows for easier data manipulation and analysis by converting the
structured layering of data into a single, linear sequence. After flattening, we then employed linear mixed
models to compare these measures between states, allowing us to account for individual variability
across subjects. This method ensured a thorough examination of differences at both the global and
node-specific levels. For the local scale, hierarchical levels were averaged within large regions, including
cortical lobes, the thalamus, the basal ganglia, the brainstem, and the cerebellum. To further evaluate
the influential role of the cerebellum in PD and healthy state, PageRank centrality measures were
computed in the whole-brain directed GEC graph. The most central nodes (top 1%) were extracted and
their roles in brain information flow were assessed by their corresponding trophic hierarchy levels.
After organizing the hierarchical levels locally, we evaluated the structure's flatness using a quadratic
model and compared the curvature in both healthy and PD cohorts. We chose the quadratic model
because it statistically outperformed a linear model, as indicated by an F-statistic of 14.842 and a p-
value of 0.008. This significant difference led us to apply quadratic polynomial models to the average
hierarchical levels across nine major brain regions for both the healthy control and PD groups, employing
the fitim function in MATLAB.
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5.2.7 Statistical Analysis

To account for demographic differences, continuous variables like age were analysed using 2-tailed, 2-
sample t-tests, involving 29 patients and 19 healthy individuals.

For categorical variables, such as sex, we utilized the Kruskal-Wallis test, maintaining consistent sample
sizes across analyses. To compare global and network non-reversibility, as well as global trophic
coherence and hierarchical levels between PD and healthy states, we employed Wilcoxon rank sum
tests. This approach provides robustness against deviations from normal distribution and
heterogeneous variances. Additionally, in the node-level analyses of non-reversibility and trophic
hierarchy levels, we accounted for potential variability among subjects by using linear mixed models.
These models treated cohort as the primary variable and included gender and age as covariates, with
subject ID as a random effect to manage intra-subject correlations. All statistical analyses were
performed in MATLAB, with significance based on an alpha level of 0.05. The resulting p-values were

corrected for multiple comparisons via the FDR method (Benjamini and Hochberg, 1995).

5.3 Results

5.3.1 Empirical Non-reversibility/Non-equilibrium

At the global level, we analysed non-reversibility matrices of size 1051x1051, which, when averaged
across nodes, demonstrated significantly higher levels in cases of PD (Figure 5A; p = 0.006).
Furthermore, when examining the data at the node level across the entire brain, we found a marked
increase in the average non-reversibility within the brains affected by the disease (Figure 5B; p < 0.001).
The analysis extended to two pathologically affected PD tremor, namely BTC and CTC. Our findings
revealed elevated non-reversibility levels in both networks due to PD (Figure 5C-D; BTC: p = 0.007;
CTC: p =0.008). To validate our results, we conducted the same analysis using FC matrices across all
levels. While significantly higher FC values were observed in PD on the node level (p < 0.001), no
significant differences were observed on the global (p = 0.150) or network level (BTC: p = 0.396; CTC:
p = 0.148).
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Empirical non-reversibility in Parkinson's disease
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Figure 5. Empirical non-reversibility levels are higher in PD across multiple scales. A) The global non-reversibility levels
averaged across 1051 parcellated regions, are significantly elevated in PD (p = 0.006), suggesting a deviation from equilibrium.
B) At the node level, PD exhibits a significant increase in non-reversibility (p < 0.001), highlighting the localized impact of the
disease. C) Distribution of non-reversibility levels across the brain, comparing the differences between healthy and diseased states
by calculating the absolute difference [NRpp — NRyeqieny|- This is depicted through seven axial brain slices, arranged in rows,
alongside a 3D-rendered visualization of the brain on the right, providing a detailed spatial understanding of non-reversibility
variations. D-E) Left: Focusing on the basal ganglia-thalamo-cortical (BTC) and cortico-thalamo-cortical (CTC) networks,
increased non-reversibility values are observed in Parkinson’s disease (p = 0.007, p = 0.008); right: visualization of the non-
reversibility distribution and differences in both networks respectively. 3D mapping was carried out using MATLAB and MRIcroGL
(Rorden and Brett, 2000).

5.3.2 Model-based Framework of Non-reversibility

5.3.2.1 GEC Patterns in PD and Healthy State

To assess the efficacy of the arrow of time methodology for distinguishing effective connectivity patterns
between PD and healthy states, we employed an SVM to execute pattern separation between disease
and healthy conditions. Notably, the whole brain GEC model yielded a 100% accuracy rate in separating
the two states. To verify this precision, we used the same trained SVM on alternative measures including

SC and FC matrices, which resulted in remarkably reduced accuracies of 52.3% and 63.5%,
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respectively. To further test the SVM'’s robustness, we deliberately altered 25% of data labels for PD
and healthy subjects, which resulted in a notable decrease in accuracy by 23.0%. At the network level,
the SVM performed with high accuracies of 98.3% and 100% for the BTC and CTC network models,
respectively. In a test of validity, the SVM was used with no-network models, which included all brain
regions outside the BTC or CTC networks. The results revealed a precision drop to 78.4%. SVM

performances across all scenarios are detailed in Figure 6.

Pattern separation with non-reversibility
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Figure 6. Generative effective connectivity (GEC) patterns are distinct in PD. A) SVM can separate whole-brain GEC patterns
between Parkinson’s disease (PD) and healthy states with 100% accuracy. B-C) Pattern separation using alternative measures
of structural connectivity (SC) and functional connectivity (FC) results in a drop in precision, emphasizing the informative quality
of non-reversibility measures. D-E) Pattern separation based on BTC and CTC network models achieved high accuracy rates of
98% and 100%, respectively. F) Testing a third no-network model resulted in an accuracy decline of 78%, suggesting that while
BTC and CTC networks are not exclusive drivers of the results, they are relatively informative in investigating PD. The SVM was
employed for pattern separation rather than classification, given the limited sample size, which precludes generalizable
classification outcomes.

5.3.2.2 Hierarchical Organization in PD

Our investigation of trophic coherence and hierarchical organization in PD spanned multiple spatial
scales. Globally, the coherence levels in PD showed a non-significant decline (Figure 7A; p = 0.25). At
the node level, no significant differences were observed between the hierarchical indices of the two
cohorts, determined by the linear mixed models (estimate = 0.002, standard error [SE] = 0.003, t =
0.813, p = 0.415).

The variability of hierarchical indices across the brain was further investigated by comparing fano factor
distributions (Supplementary Figure S1). At the local scale, PD is associated with a reduction in

hierarchical indices across all regions, although not statistically significant (Fig. 3c). The flatness
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analysis of hierarchical organizations at the local level, using a quadratic model (y ~ 1 + x1 + x1"2),
showed non-linear declines in hierarchical structure across regions for both groups. The PD group
displayed a flatter hierarchy than the healthy group, indicated by less pronounced curvature. Specifically,
the quadratic coefficients, which measure the change in slope of hierarchical levels, were higher in PD
patients (0.001311) compared to healthy controls (0.000943). This suggests a more gradual decrease
in hierarchical levels in PD, with both groups experiencing an initial levelling off followed by a gentler
decline in PD due to their larger coefficients.

Furthermore, Pairwise comparisons revealed significant differences in hierarchical relationships,
particularly with the cerebellum raking significantly higher in PD. Of note, the cerebellum also exhibited
a relatively high PageRank centrality measure in the whole-brain directed GEC graph (Supplementary
Figure S2), pointing to its elevated influence on the disease state. Moreover, the difference in
hierarchical levels between the thalamus and cingulate cortex was significant in the PD state (p-values
presented in Figure 7C).
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Figure 7. Trophic hierarchical organization is altered in PD. Trophic coherence and hierarchical levels are computed as the
symmetry of information in- and out-flow in the bidirectional graph of whole-brain GEC models. A) The comparison of global
network coherence reveals a slight decrease in PD, though not reaching statistical significance. B) Trophic hierarchical
organization across major brain regions revealed lower hierarchical indices in PD, with a visible relative flatness, as evidenced by
the slopes of fitted lines. C) Statistical results identify the cerebellum and thalamus as having notably higher hierarchical positions
in PD, with significance expressed through -log(P) values. The bold black line delineates a significant threshold, reflected by P-
values < 0.05, and in the matrices, the significant values are outlined by black boxes.
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5.4 Discussion

We found deviations from equilibrium in the PD state as evidenced by elevated levels of non-reversibility
across multiple spatial levels. Moreover, we found PD to be associated with unique non-reversibility
patterns distinct from the disease state. Furthermore, we noted alterations in the disease's hierarchical
organization, marked by a more flattened hierarchy and significant shifts in how the cerebellum and
thalamus interact with other brain regions.

The lowered equilibrium level and time reversibility observed in PD suggest substantial disruptions in
the brain's normal temporal evolution, or brain dynamics, even in relatively early stages of the disease
(average disease duration in our study = 3.69 years). While previous findings on PD dynamics have yet
to reach a consensus on methodology and findings (Darbin et al., 2013), the observed imbalance aligns
with reports of structural and functional impairments due to PD across multiple scales, which can result
in disruptions of the fine-tuned coordination of motor- and non-motor processes in a healthy flexible
brain. Previous studies investigating localized and motor-network-oriented brain dynamics in PD have
reported alterations in the normal spatiotemporal synchronisation patterns in the brain, which disrupt the
normal coding of movement (Sharott et al., 2018; West et al., 2018). Additionally, using alternative
measures such as electroencephalographic brain activity, Zanin et al., (2020) have demonstrated an
increased level of non-reversibility in PD. This heightened global chaos in information processing in the
PD brain serves as a potential marker for pathologically affected dynamics, as suggested by graph
theory and alternative resting-state functional MRI research (Ghasemi and Mahloojifar, 2013; Kim et al.,
2017).

The observed global increase in information processing entropy in PD serves as a potential marker for
pathologically affected dynamics, a finding that aligns with reports from graph theory and alternative rs-
fMRI investigations (Ghasemi and Mabhloojifar, 2013; Kim et al., 2017). By analysing non-reversibility
levels in individual nodes, we uncover a broad distribution in PD, indicating shifts in the dynamic
equilibrium in PD. In particular, the BTC and CTC networks, which are central to tremor pathophysiology
as discussed in Chapter 1 (Caligiore et al., 2016; Dirkx and Bologna, 2022; Duval et al., 2016), both
exhibit elevated significant non-reversibility levels. This increase suggests distortions in either regional
disruptions, issues in network synchronisation during resting state, or a combination of both. These
observations follow the existing knowledge on abnormal sensorimotor integration in PD leading to a
broader sense of disconnectedness across the brain (Géttlich et al., 2013; Helmich et al., 2010).

We constructed individualized computational models based on rs-fMRI data while integrating
information from SC, and FC, and non-reversibility, resulting in whole-brain directed GEC graphs, to
enhance our understanding of pathological brain dynamics in PD. Despite the lack of extensive
knowledge on underlying mechanisms of PD and tremor (Miller and O’Callaghan, 2015), the application
of MRI imaging techniques, particularly when augmented with computational modelling methods, has
shown promise in uncovering underlying pathologies and enhancing diagnostic processes (Breakspear,
2017; Deco and Kringelbach, 2014; Makarious et al., 2022; Poewe et al., 2017).

To confirm the effectiveness of our computational models, we employed an SVM to perform pattern
separation between PD and healthy states based on resulting effective connectivity graphs reflecting

non-reversibility measures. It is important to note that our primary focus was not on classification per se,
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especially considering the limitations imposed by our small sample size and the challenges in achieving
broad generalizability. Our objective was primarily to test the uniqueness of non-reversibility models in
PD. The high levels of accuracy observed across various scales highlight the informativeness of these
models. Interestingly, alternative attempts with FC or SC resulted in significant drops in precision,
indicating the robustness of the arrow of time methods in capturing the distinctive dynamics of PD.

By incorporating temporal asymmetry as in our study, we were able to capture the distinct patterns of
spatiotemporal organization across the brain across in healthy and disease states. The results revealed
alterations in hierarchical organization in PD, highlighting how brain dynamics can be orchestrated
differently due to this disease. System-level disorders such as PD disrupt this precise organization,
leading to deviations in information processing. These disruptions are believed to stem from pathological
alterations in beta oscillations, particularly within the BTC network, which are associated with dopamine
depletion in PD (Cagnan et al., 2019; Moran et al., 2011; Reis et al., 2019). Elevated beta activity has
been linked to disruptions in the hierarchical organization, which in turn may compromise the equilibrium
of the brain's entire hierarchy (West et al., 2018).

Notably, our findings reveal a distinctive flattening of the trophic hierarchy in PD, marking a deviation
from earlier studies that associated flatness of hierarchy with reduced non-reversibility in specific brain
conditions (Deco et al., 2022; Kringelbach et al., 2023). By analysing trophic hierarchy through the lens
of information flow in the effective connectivity graph, we offer a novel perspective. Specifically, in the
case of PD, the observed combination of a flattened hierarchy combined with increased non-reversibility
points to a less dynamic repertoire in the brain. This reduced flexibility is associated with impaired
functional organization, decreased causal interactions, and compromised information flow, all
contributing to the severity of PD symptoms such as tremor (Ghasemi and Mahloojifar, 2013; Kim et al.,
2017; Sorrentino et al., 2021).

Our findings indicate that the cerebellum holds a high trophic hierarchy level in both healthy and PD
states, challenging recent theories that prioritize the prefrontal cortex and highlighting the overlooked
significance of the cerebellum in computational models (Deco et al., 2023; Kringelbach et al., 2023).
The prominence of the cerebellum could be due to its rich functional architecture and extensive brain
connections (Stoodley et al., 2021). In the PD state, the cerebellum's elevated position in the hierarchical
organization potentially indicates a compensatory function besides its direct pathological involvement
(Caligiore et al., 2017; Wu and Hallett, 2013). This shift is similar to observed alterations in cerebellar
reserve and the adaptive role of this region in conditions affecting motor functions such as stroke
(Mitoma et al.,, 2020; Sadeghihassanabadi et al., 2022a; Wu and Hallett, 2013). Additionally, an
increased hierarchical ranking of the thalamus points to disruptions in the CTC network (Dirkx and
Bologna, 2022; Obeso et al., 2008; Toni et al., 2012). While intriguing, definitive conclusions about
hierarchy require further symptom- and task-specific investigations. It's important to clarify that the
notion of hierarchy in this context arises from the brain's inherent self-organizational characteristics,
rather than from a rigid top-down framework. This viewpoint, as articulated by Buzsaki, suggests the
existence of multiple dynamic structures that interact within a specific hierarchical organization to
facilitate rapid temporal solutions, with the goal of efficient collective computation (Buzséaki, 2009). We

further acknowledge the limitation of having a small sample size, which potentially impacts the
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robustness of machine learning (SVM) results. Furthermore, basing the SVM's input—individual
effective connectivity patterns—on an averaged SC matrix for each group introduces another layer of
complexity. To address these concerns, we expanded our SVM analysis to include alternative inputs
such as SC, FC, and the use of no-network models.

A novelty aspect of this study lies in employing a detailed parcellation, incorporating subcortical regions
and the cerebellum, which allowed for investigating their roles in the whole brain dynamics of PD. Yet,
large parcellations introduce certain statistical challenges, particularly arising from multiple
comparisons. To minimize the risk of false positives, we selected distinct spatial scales for analysis and
incorporated a priori assumptions on pathological networks in PD. Future studies are encouraged to
include larger sample sizes to enhance statistical power and look into the association between non-
reversibility measures and motor- and cognitive symptomology of PD.

Research has demonstrated that targeted interventions like DBS can facilitate a transition from a PD
state to a healthier neurological state (Saenger et al., 2017; West et al., 2022). This study’s findings
highlight the cerebellum's prominent role in the brain's hierarchical organization and its increased
influence in the PD state, therefore suggesting that stimulating the cerebellum could alter the equilibrium
measures of the CTC network and potentially impact the entire brain state. In other words, by applying
correct cerebellar stimulation, there is potential to shift brain dynamics towards healthier functioning.

In conclusion, our findings indicate that PD disrupts the brain’s equilibrium across multiple spatial scales.
With our computational models providing novel insights into the disease’s dynamical implications, this
study supports the usage of computational approaches rooted in empirical imaging techniques to study
the underlying pathology of PD and its symptoms. The observed flatness in hierarchical organization
suggests diminished flexibility in the brain's dynamic repertoire due to PD. The crucial role of the BTC
and CTC networks in distorted brain dynamics highlights their involvement in PD pathology. Notably,
the cerebellum’s influence in the hierarchical organization is increased in the PD state. The results of
this study indicate that cerebellar stimulation could be a potent method for restoring equilibrium to the
CTC network, and subsequently, the overall brain dynamics, steering them towards healthier functional
states. This highlights a promising avenue for interventions focused on the cerebellum in managing PD

symptoms.
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Chapter 6 : Non-invasive Stimulation of the Cerebellum

Part One: Optimizing the Electrode Montage for Cerebellar Stimulation

The first part of the chapter presents the optimized paradigm for non-invasive stimulation of the
cerebellum aimed at suppressing PD tremor, based on the published study titled ‘Optimizing the
montage for cerebellar transcranial alternating current stimulation (tACS): a combined
computational and experimental study’ by Sadeghi et al. (2022b). In this study, my contributions

included conceptualization and design of the study, data collection and analysis, and manuscript writing.

6.1 Introduction

As the scope of cerebellar tACS expands, there's an increasing focus on the potential adverse effects
stemming from peripheral side effects, which may influence or even negate the intended transcranial
outcomes of the simulation (Asamoah et al., 2019; Lorenz et al., 2019). Among the most commonly
reported side effects are skin sensations (Fertonani et al., 2015; Hsu et al., 2021; Turi et al., 2013). In
particular, the application of strong tACS which induces a relatively high electric field on the skin’s
surface, exceeding 4-7 V/m, can directly stimulate the cutaneous nerves and cause unpleasant
sensations including itching, pricking, warmth, and pain (Bland and Sale, 2019; Hsu et al., 2021).
Additionally, an intriguing side effect encountered during cerebellar tACS is the occurrence of
phosphenes, perceived as flickering lights or flashes within the visual field (Antal and Paulus, 2013;
Wessel et al., 2022). Initially thought to be a byproduct of stimulation of the visual cortex (Kanai et al.,
2008), further research has clarified that phosphenes primarily originate from the retina (Kar and
Krekelberg, 2012; Laakso and Hirata, 2013; Schutter and Hortensius, 2010). Notably, the manifestation
of these side effects is contingent upon the specific montage and frequency of the tACS application
(Asamoah et al., 2019; Evans et al., 2019; Hsu et al., 2021; Lorenz et al., 2019), highlighting the
complexity of achieving desired effects while managing peripheral stimulation outcomes. A critical
aspect influencing the severity and perception of these side effects is the strategic placement of the
tACS electrodes (Evans et al.,, 2019; Mehta et al., 2015). This placement not only determines the
intensity and distribution of the electric field across the cerebellum but also significantly affects the
likelihood and intensity of experiencing these side effects, highlighting a delicate balance between
therapeutic efficacy and patient comfort (Klaus and Schutter, 2021).

To date, a holistic exploration of the skin-related effects and the phenomenon of phosphenes during
cerebellar tACS, with an emphasis on the influence of electrode montage and stimulation frequency,
remains absent (Bland and Sale, 2019). An experimental investigation to identify optimal stimulation
parameters that promise clinical utility would require conducting repetitive tACS sessions with human
participants, while systematically varying stimulation conditions. Such a strict experimental approach
would be challenging in terms of safety and ethical concerns, methodological complexities, and
importantly accurate quantification and interpretation of the effects observed (Brunoni et al., 2012). In
contrast, in-silico or computational modelling studies emerge as a potent alternative, circumventing
these limitations and offering the advantage of detailed insight into the stimulation's impact on brain
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tissues. Such studies typically involve simulating multiple tACS sessions under a range of conditions,
thereafter computing the current distribution within the targeted brain region. This is achieved by solving
the current continuity equation, taking into account the necessary boundary conditions and the varying
conductive properties of different tissues, such as the skull and brain (Priori et al., 2014). This
methodological approach not only ensures a safer and ethically sound investigation pathway but also
enhances the precision with which the effects of stimulation on brain tissue are understood.

Addressing the critical gap in the field, this study is dedicated to identifying the optimal cerebellar tACS
montage that maximizes efficacy while minimizing unpleasant side effects. Despite the promising
potential of cerebellar tACS, its application, particularly in clinical settings, is significantly hindered by
the presence of undesirable side effects and the absence of universally accepted stimulation protocols.
Our approach to overcoming these challenges combines computational modelling and experimental
application. Through computational modelling, we were able to assess the effects of various electrode
montages on current density in the cerebellum and identify potential induction in other brain areas that
might contribute to stimulation side effects. Following this, we conducted in vivo experiments with
selected montages on healthy individuals in a controlled setting, focusing on evaluating the side effects
associated with skin sensations and phosphenes. This comprehensive strategy not only facilitates the
practical application of cerebellar tACS but also lays the groundwork for establishing standardized
protocols, enhancing the technique's usability and effectiveness in both research and clinical

environments.

6.2 Methods

6.2.1 Computational Methods
6.2.1.1 Main Electrode Position
Simulations were conducted using a boundary element model (BEM) framework, incorporating a realistic
three-shell head model that delineates the skin, bone, and brain compartments (Nolte and Dassios,
2005). The head model was constructed using the standard MNI152 template, augmented with an
intricate cerebellar surface model derived from the Spatially Unbiased Infratentorial Template (SUIT)

(Diedrichsen, 2006). The estimation of electric fields across the brain was achieved by calculating the

sum of linear combinations of a leadfield L and the injected currents from all stimulation electrodes «; at

each intracranial location ¥ as
E®) = (LX) a;) [17]

The leadfield was constructed through exact low-resolution electromagnetic tomography (eLORETA)
(Pascual-Marqui et al., 2011). To simulate the patch electrodes, commonly sized at 5x5 cm, we adopted
a nine-point array approximation. These points were strategically placed at distances of 0, 1, 2, and 3
cm from the inion. The inion's location was precisely identified using MNI coordinates [0, -120, -21]

(Tsuzuki et al., 2016). To analyse the electric current distribution across the cerebellum's surface, we
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employed two-sided signed rank tests, with a Bonferroni correction applied to adjust for the risk of type

| errors due to multiple comparisons, ensuring the reliability of our findings.

6.2.1.2 Return Electrode Position

To determine the most effective return electrode position, or montage, comprehensive simulations of
full tACS sessions were conducted using SimNIBS software (version 3.2.4, (Thielscher et al., 2015)).
These simulations employed the standard MNI152 head model, with tissue conductivities assigned in
line with the specifications provided by Wagner et al. (2004). The design included rectangular electrodes
in two dimensions, 5x5 cm and 5x7 cm, mirroring the characteristics of neuroConn silicone rubber
electrodes. These were specified with a conductivity of 29.4 S/m and a thickness of 1 mm,
complemented by a sponge covering featuring a conductivity of 1 S/m and a thickness of 2.5 mm, as
per recommendations by the SimNIBS Developers SImNIBS Developers (2019). For these simulations,
the central point of the main (5x5 cm) electrode was consistently positioned 2 cm lateral to the inion, a
placement optimized through the previous simulation outcomes. The larger return electrode (5x7 cm)
was then variably placed at the central coordinates corresponding to the four most commonly cited
montages in the existing literature: the forehead, the ipsilateral buccinator muscle, the lower jaw, and
the lower neck. To mirror the actual peak-to-peak amplitude typically used in tACS applications, the
amplitude was set at +2mA, following the guidelines proposed by Saturnino et al. (2017).

To determine the current distributions induced by the tACS stimulation in SimNIBS, first, the Laplace

equation is solved as [18].

V- (oV®) =0 [18]

Where o represents the electrical conductivity of a specific tissue type, and @ denotes the induced
electrical potential. The process is modelled by setting precise boundary conditions. By solving for these
conditions, we obtain a detailed solution that facilitates the calculation of both electrical (E) and current

(J) distributions as they flow between the main and return electrodes as given in [19] and [20].

E=-Vo [19]
J = oE [20]

Finally, adjustments and linear scaling are applied to ensure that the current flow through the electrodes
aligns with the predetermined values, a crucial step for accurate simulation results (Parazzini et al.,
2014; Saturnino et al., 2018). To assess the effects of the stimulation, an ROl analysis was conducted.
This involved the extraction and calculation of lobule-specific current densities using SUIT tools within
MATLAB. These calculations informed the creation of cerebellum flatmaps, providing a visual
representation of the stimulation's impact across different regions of the cerebellum. Moreover, the
potential co-stimulation of the eyeballs—a factor indicative of the likelihood of inducing phosphenes, as

noted by (Laakso and Hirata, 2013) —alongside the brainstem was scrutinized. For this purpose,
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specific ROl masks were developed in MRIcroGL (Rorden and Brett, 2000), which were then applied to
the outputs generated by the SimNIBS 3D head model.

6.2.1.3 Focal 4x1 Electrode Arrangement

An additional simulation of cerebellar tACS with a high-definition 4x1 ring electrode montage was
conducted to compare the electric field distribution and density of cerebellar stimulation with the
previously discussed rectangular electrodes. Following the guidance of (Saturnino et al., 2015), the
simulation incorporated five circular electrodes, each with a diameter of 1.2 cm. These were arranged
in a ring, with the central electrode placed 2 cm lateral to the inion, and the four peripheral electrodes
evenly spaced at a radius of 3.5 cm from the center. Consistent with earlier simulations, the same
silicone rubber material was selected for the electrodes, and the conductivities assigned to both the
electrodes and the various tissues remained unchanged. For this specific arrangement, the current was
set at +2 mA for the central electrode, with each of the surrounding four electrodes adjusted to -0.5 mA
to create a balanced field. The analysis, including the extraction of current density within the cerebellum
and lobular ROI assessments using the SUIT toolbox, mirrored the methodologies applied in the

previous simulations.

6.2.2 Experimental Methods

6.2.2.1 Participants

In this study, seven healthy right-handed individuals (3 female, mean age 33 years, SD = 7) were
recruited after giving informed written consent. All participants were free from neurological or psychiatric
disorders or tACS contraindications. The procedure has been approved by the local ethics committee
of Hamburg and was conducted in accordance with the Declaration of Helsinki.

The experimental setup involved seating participants in a comfortable chair within a dimly lit room,
positioned two meters from a 55-inch monitor (Sony Group, Tokyo, Japan). The monitor displayed a
black background with a white cross at its centre, serving to maintain a consistent visual focus for the
participants throughout the experiment. The study design included four stimulation blocks corresponding
to each electrode montage, executed consecutively for every participant in a pseudo-randomized
sequence with approximately 60-second intervals between blocks. Each block comprised three distinct
stimulation frequencies (5, 10, and 30 Hz) and a sham condition, presented in a randomized order, with
each condition lasting three minutes. Participants had their eyes closed for the latter half of each
stimulation period and were unaware of the specific stimulation conditions.

To assess participants' sensory experiences, they were queried about perceived skin sensations
(itching, warmth, pricking, and pain) and the intensity and spatial extent of phosphenes within their visual
field, both with eyes open and closed. The intensity levels were rated using a discrete ordinal scale of
l:absent, 2:light, 3:moderate, 4:clear, and 5:strong sensation. Phosphene coverage was visually
represented by participants through cross-hatching or drawing on a blank rectangular template
simulating the monitor screen, later quantified as the ratio of marked area to the total area of the
rectangle. Additionally, the presence of breathing difficulties or autonomic dysfunctions was monitored

as potential indicators of unintended brainstem co-stimulation (Vandermeeren et al., 2010).
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6.2.2.2 Stimulation

tACS stimulation was carried out using a battery-powered DC Stimulator Plus (neuroConn, limenau,
Germany), with standard rubber electrodes wrapped in saline-moistened sponges (0.9% NacCl), secured
by medical elastic bandages (MaiMed GmbH, Germany). Throughout all stimulation sessions,
impedance was carefully maintained at <10 kQ. The primary electrode (5 x 5 cm?) was positioned 2 cm
lateral to the inion, with the return electrode (5 x 7 cm?) placed at the four predetermined positions,
namely the forehead, the ipsilateral buccinator muscle, the lower jaw, and the lower neck. Stimulation
frequencies of 5, 10, and 30 Hz were applied at a peak-to-peak amplitude of 2 mA, apart from the sham

condition, which included a 30-second ramp-up and ramp-down period.

6.2.2.3 Statistical Analysis

Statistical analyses were executed utilizing Python 3 (Python Software Foundation,
http://www.python.org) and MATLAB (The MathWorks, Inc., 2021). Data derived from the main tACS
electrode did not fulfil normal distribution assumptions and therefore were analysed using the Wilcoxon
signed-rank tests with Bonferroni correction to adjust multiple comparisons. The influence of electrode
montage on the distribution of current density was explored using a one-way analysis of variance
(ANOVA). To assess the combined effects of montage and frequency on participants' reported skin
sensations and the intensity of phosphenes, the Scheirer-Ray-Hare (SRH) test was employed.
Additionally, a two-way ANOVA was utilized to assess these variables' impact on the areas covered by
phosphenes. Subsequent analyses, where applicable, involved post-hoc Tukey tests, with adjustments
of p-values for multiple comparisons conducted through the FDR method (Benjamini and Hochberg,
1995).

6.3 Results

6.3.1 Computational Results

6.3.1.1 Optimal Position of the Main Electrode

Shifting the main electrode to a more lateral position on the scalp progressively reduced the stimulation
of the contralateral side, achieving the lowest levels of co-stimulation when positioned 3 cm lateral to
the inion, as depicted in Figure 8 (all statistical comparisons were highly significant with p < 0.001). In
terms of electric current effects within the ipsilateral hemisphere of the cerebellum, the intensities were
found to be similar when the electrode was positioned at 0 and 1 cm from the inion. The intensity peaked
for the electrode placement at 2 cm, and was at its lowest with the electrode at 3 cm from the inion (0/1:
p =0.101, 0/2: p=0.333, 0/3: p < 0.001, 1/2: p < 0.001, 1/3: p < 0.001, 2/3: p < 0.001). Analysis of the
simulated current density distributions across the cerebellar surfaces further confirmed that situating the
main electrode 2 cm lateral to the inion provided optimal targeting of the right cerebellar hemisphere

while minimizing unintended stimulation of the contralateral hemisphere.
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Figure 8. Placement and effects of main tACS electrode across four locations. A) Configuration of electrode patches
represented by five designated points. Positioned starting from the inion (the upper leftmost blue dot), the patches are sequentially
displaced rightward by 0, 1, 2, or 3 cm. The corresponding return electrode placed on the buccinator muscle remains unchanged.
B) Depiction of the electric fields generated by each electrode setup, illustrated for both the entire brain (top row) and the
cerebellum in isolation (bottom row). C) Comparison of median electric field intensity within the cerebellum's right hemisphere
(ipsilateral, top graph) and left hemisphere (contralateral, bottom graph), with significant differences highlighted (*** denotes p <
0.001).
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6.3.1.2 Effect of Montage on the Stimulation Strength in the Cerebellum

Figure 9 illustrates the placement and effects of the main tACS electrode across four distinct locations.
The one-way ANOVA analysis revealed a significant influence of electrode montage on the mean current
density within the right hemisphere of the cerebellum, with F(3,48) = 3.59 (p = 0.02). Further exploration
through post-hoc pairwise comparisons using the Tukey test identified a significant difference between
the forehead and neck montages (p = 0.02). However, comparisons between the forehead and jaw (p =
0.05), forehead and buccinator (p = 0.11), buccinator and jaw (p = 0.98), buccinator and neck (p = 0.86),
and jaw and neck (p = 0.98) montages did not reveal significant differences. For a comprehensive

breakdown of activations within individual cerebellar lobules, refer to the Supplementary Materials.
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Figure 9. Simulations of various tACS montages and corresponding stimulation intensities. The effects of different tACS
stimulations are observable on the skin, cerebellum, and eyeballs across various configurations: A) with the return electrode
positioned on the forehead, B) on the buccinator muscle, C) on the jaw, D) on the neck, and E) utilizing a 4x1 ring electrode setup.
The images are organized to show: on the left, a complete view of the scalp; in the middle, a cross-sectional view highlighting the
cerebellum and eyeballs; and on the right, detailed cerebellum flatmaps that map the distribution of current density.

6.3.1.3 Effect of Montage on Co-stimulation of the Eyeballs and the Brainstem

ROI analysis of both eyeballs and the brainstem was performed using SimNIBS and MRIcroGL.
Supplementary Table S9 presents descriptive statistics for current density measurements in both
regions. To examine the impact of different tACS montages on current density distributions within these
ROIls, a one-way ANOVA was conducted. The findings indicated a significant effect of stimulation
montage on current density both in the eyeballs (F(3, 44380) = 133304, p < 0.0001) and in the brainstem
(F(3, 95164) = 15530, p < 0.0001). Subsequent post-hoc analysis using the Tukey test revealed
significant differences in mean current density between all montage pairings (forehead-buccinator,

forehead-jaw, forehead-neck, buccinator-jaw, buccinator-neck, jaw-neck), as detailed in Figure 10.
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Figure 10. Mean current density analysis across four tACS montages. This figure presents a comparative analysis of mean
current density within A) the eyeballs and B) the brainstem for the four tACS electrode placements: forehead, buccinator muscle,
jaw, and neck. The statistical analysis confirms that all observed differences in mean current densities are significant.

6.3.1.4 Comparing Classical and 4x1 Ring Montage

The comparison of mean current density within cerebellar lobules across the four classical electrode
montages and the 4x1 ring electrode setup was conducted using one-way ANOVA. The analysis
revealed that the current distribution induced by the ring montage was significantly lower when
compared to each of the four classical montages. The current distribution induced by ring montage was
significantly lower than all four montages (compared to forehead: F(1, 24) = 100, buccinator: F(1, 24) =
41, jaw: F(1, 24) = 33, neck: F(1, 24) = 49, with p < 0.0001 for all comparisons).

6.3.2 Experimental Results

6.3.2.1 Effect of Montage and Frequency on Skin Sensations

All participants concluded the experiment without experiencing any pain, discomfort, or other serious
adverse effects, such as breathing difficulties or palpitations, as illustrated in Figure 11A-B and detailed
in Supplementary Table S10Table S10. An analysis utilizing the two-way SRH test revealed that neither
the montage nor the frequency, nor their interaction, had any significant impact on the intensities of the

four skin sensations (refer to Supplementary Table S11 for detailed statistics).

6.3.2.2 Effect of Montage and Frequency on Phosphene Intensity

In conditions where participants had their eyes open, the intensity of perceived phosphenes was
influenced by the montage (Figure 11C, H(3,72) = 8.15, p = 0.04). However, the frequency of stimulation
(Figure 11D, H(2,72) = 0.93, p = 0.62) and the interaction between montage and frequency (H(6,72) =
0.83, p = 0.99) did not show significant effects. Despite the overall effect of montage, post-hoc Tukey
tests revealed no significant differences between any pairs of montages under these conditions.
Conversely, with eyes closed, phosphene intensity significantly varied across montages (H(3,72) =
52.65, p < 0.001), while the frequency of stimulation (H(2,72) = 3.39, p = 0.18) and the interaction
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between montage and frequency (H(6,72) = 2.74, p = 0.83) did not yield significant differences. Post-
hoc analysis demonstrated significant differences between all montage pairs. The sequence of montage
effectiveness in inducing phosphenes, from highest to lowest, was the forehead, followed by the

buccinator, jaw, and neck, as illustrated in Figure 11C.
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Figure 11. Impact of montage and frequency on sensory responses and phosphene perception. A-D) the influence of
montage placement (forehead, buccinator, jaw, neck) and stimulation frequency (5, 10, 30 Hz) on reported skin sensations and
phosphene intensity. These effects are shown through scattered plots of individual participant scores and aggregate line graphs
summarizing average scores, incorporating results from ANOVA. E-F) the montage and frequency impact on the phosphene
coverage area, quantified for each participant by comparing the sketched phosphene area to the total monitor screen area,
alongside average coverage areas and their statistical analysis through ANOVA.
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6.3.2.3 Effect of Montage and Frequency on Phosphene Areas

The spatial extent of phosphenes perceived in the visual field was significantly influenced by both the
montage and frequency of stimulation, as determined by a two-way ANOVA. The analysis revealed that
montage had a substantial effect (F(3,72) = 19.89, p < 0.001), as did frequency (F(2,72) = 4.75, p =
0.01), though their interaction did not produce a significant influence (F(6,72) = 0.50, p = 0.79). Post-
hoc analysis elucidated these effects further, indicating significant differences in phosphene area
between the forehead montage and all other montages tested (buccinator: p = 0.01, jaw: p < 0.001,
neck: p < 0.001), and between buccinator and neck montages (p < 0.001). However, the comparison
between jaw and neck montages did not reveal a significant difference (p = 0.35). Regarding the impact
of frequency, there was a significant distinction between 5Hz and 10Hz (p = 0.01), while the comparisons
between 5Hz and 30Hz (p = 0.05), and between 10Hz and 30Hz (p = 0.82), did not show significant
differences, as shown in Figure 11E-F.

Employing Spearman’s rank correlation test revealed a significant correlation between the intensity of
perceived phosphenes and the area of the phosphenes within the visual field. This relationship held true
for both conditions of the experiment—when participants had their eyes open (rs = 0.84, p < 0.001) and
when they had their eyes closed (r; = 0.82, p < 0.001).

6.4 Discussion

The findings of this study confirm the importance of electrode placement in determining the resulting
electric field and, by extension, the current density within the cerebellum. The alignment between
simulation outcomes and experimental data indicates the influence of montage on both the efficacy of
cerebellar tACS and its associated side effects. These results confirm earlier findings in emphasizing
the significance of electrode placement for stimulation effectiveness (Gomez-Tames et al., 2019; Mehta
et al., 2015; Priori et al., 2014; Wessel et al., 2022) and side effects (Evans et al., 2019; Kanai et al.,
2008; Turi et al., 2013).

Among the montages we tested, the forehead montage emerged as the most effective in stimulating the
ipsilateral hemisphere of the cerebellum. The pronounced stimulation effect observed with the forehead
montage can likely be attributed to the direction of the current flow vectors passing directly through the
cerebellum, from the inion towards the forehead. This direct path facilitates the induction of higher
current densities compared to montages that direct the current away from the cerebellum, such as the
neck montage. This principle aligns with the findings of Klaus and Schutter (2021), who discussed the
variability in induced field direction due to electrode positioning in transcranial direct current stimulations.
Our findings indicate that the ring electrode montage is less effective compared to traditional sponge
electrode protocols, consistent with recent studies that suggest high-definition ring electrodes produce
suboptimal current distribution within the cerebellum (Klaus and Schutter, 2021).

Moreover, the forehead montage is associated with the most significant phosphene effect, which
supports our simulation results revealing the highest current density induction in the eyeballs with this
montage. This increased current density in the eyeballs accounts for the stronger phosphene
sensations, given the retinal origin of phosphenes (Schutter and Hortensius, 2010). As the return

electrode is positioned lower down, towards the neck, there is a corresponding decrease in cerebellar
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current density and phosphene intensity, highlighting the intricate relationship between electrode
placement, stimulation efficacy, and side effects in cerebellar tACS.

Throughout all tACS sessions, participants reported low skin sensations, a phenomenon seemingly
independent of the montage selection. This could be attributed to the maintenance of low impedance
levels facilitated by the use of elastic bandages, which ensured optimal electrode-skin contact, as
emphasized by Woods et al. (2016). Furthermore, the employment of classical large sponge electrodes
likely contributed to minimizing skin sensations. This contrasts with the use of smaller, multiple-ring
electrodes, which have been associated with more pronounced cutaneous sensations (Herrmann et al.,
2013).

The impact of frequency alteration on skin sensation intensities also did not present a consistent pattern
across our study. While some previous findings confirm that frequency does not significantly influence
skin sensations (Fertonani et al., 2015), other studies suggest otherwise (Hsu et al., 2021; Turi et al.,
2013). The question of whether the cutaneous effects of tACS are dependent on stimulation frequency
however remains a subject of debate. Hsu et al. (2021) have provided a comprehensive analysis
suggesting a reduction in skin sensations at higher frequencies, a phenomenon not observed in our
study. Given that both our study and that of Hsu et al. (2021) reported overall low levels of cutaneous
sensations, the disparity in findings might stem from a floor effect, limiting the observable impact of
frequency on skin sensations. Additionally, divergences in findings regarding frequency-dependent
effects could be ascribed to methodological differences across studies, such as variations in applied
montages, electrode types, and stimulation frequencies. Such variability underscores the complexity of
accurately gauging the impact of frequency on tACS-induced sensations and emphasizes the need for
standardization or more detailed reporting in experimental setups to better understand these effects
(Brittain et al., 2015; Manto et al., 2021; Naro et al., 2016; Wessel et al., 2022).

In this study, the perception of phosphenes was not influenced by stimulation frequency, a result that
diverges from findings in prior research (Lorenz et al., 2019; Turi et al., 2013). This discrepancy may be
due to the considerable inter-individual variability in phosphene reports even within our small sample
size, possibly obscuring subtle effects that might exist. However, we did observe a significant impact of
montage on phosphene perception, with a preference for neck and jaw montages. This aligns with the
strategy in some earlier studies suggesting positioning the return electrode on the neck or shoulder to
avoid phosphene occurrence (Brittain and Cagnan, 2018; Mehta et al., 2014; Woods et al., 2016).

On that note, our findings reveal that positioning the return electrode at the neck (or lower) effectively
diverts current away from the cerebellum, thus significantly reducing current density in the target area.
Importantly, our simulations also indicated that these montages result in undesirable co-stimulation of
the brainstem.

This study uniquely emphasizes the distinction between buccinator and jaw positions, which differ mainly
in their proximity to the eyes—a nuance often overlooked in existing literature. Instances, where the jaw
montage has been utilized, are sometimes reported under the term buccinator in the literature (Rezaee
and Dutta, 2019), likely due to the latter's prevalence in simulation studies. Upon comparing these two
specific montages, our findings advocate for the use of the jaw montage. It not only facilitates a more

uniform distribution of current density within the cerebellum but also minimizes co-stimulation of both
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the brainstem and retina. This detailed examination highlights the critical importance of precise electrode
placement in optimizing tACS outcomes and minimizing unintended effects.

The inclusion of seven participants in the experimental component of our study introduces limitations
concerning the extrapolation of our findings to broader cerebellar tACS research. This sample size, while
modest, is not atypical for investigations involving cerebellar stimulation, as seen in prior studies (Brittain
and Cagnan, 2018; Schregimann et al., 2021; Shah et al., 2013). However, the potential for broader
generalizations remains constrained. Furthermore, inherent limitations associated with the
computational modelling aspect of our study warrant consideration. These include the use of a boundary
element model, the simplification of the complex anatomy of participants' heads to a single averaged
model (MNI152), and the assignment of fixed conductivity values to different tissues. These
simplifications are necessary for computational feasibility but may not fully capture the nuances of
individual anatomical variability. Future studies are therefore encouraged to control for interindividual
variability by employing subject-specific head models derived from individual MRI data. Additionally,
future research should aim to investigate the interactions between montage and frequency during
cerebellar tACS in a more exhaustive manner and across larger participant cohorts.

In conclusion, by combining computational simulations with experimental findings, we present
converging evidence for qualitative and quantitative distinctions among prevalent montages used in
cerebellar stimulation. Taken together, our findings suggest the jaw montage as a superior choice for
cerebellar tACS, offering an effective balance between minimizing side effects and achieving efficient
ipsilateral cerebellar stimulation. Given the observed frequency invariance, this protocol shows promise
for application across a diverse array of experimental scenarios. Establishing a standard and
reproducible protocol that incorporates pre-stimulation modelling could significantly enhance the control,
safety, and efficacy of cerebellar tACS experiments. Having established an optimal cerebellar tACS
montage, the next chapter will focus on the practical aspects of performing an effective cerebellar tACS.
It will cover the design of the experiment, the stimulation protocol, and crucially, the development of the

device necessary to modulate CTC activity and suppress PD tremor.
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Part Two: Development of a Closed-loop tACS Device for PD Tremor

Suppression via Cerebellar Stimulation

The second part of the chapter is dedicated to the outcomes of a collaborative project between University
Medical Center Hamburg-Eppendorf and neuroConn GmbH, Germany, focusing on the development of
an innovative recording/stimulation device with the capability of suppressing PD hand tremor through a
closed-loop, phase-adjusted cerebellar tACS paradigm. In this collaborative work, my contributions were
as follows: Conceptualization and design of the closed-loop stimulation experiment; design of process
flow diagram while contributing to the LOOP-IT development; test data collection, analysis, and
feedback to neuroConn hardware developer at every stage; conducting pilot tests, data collection,

analysis and interpretation.

6.5 Introduction

As discussed in the first part of the chapter, it is crucial to select the appropriate electrode placements
and stimulation parameters to ensure both the efficacy and safety of cerebellar tACS sessions (Mehta
et al.,, 2015; Sadeghihassanabadi et al., 2022b). Upon ensuring that the montage is accurately
configured and the tACS-induced electric field (E-field) possesses sufficient strength to influence the
cerebellum, the next important concern is the stimulation’s characteristics and effects (Brittain and
Cagnan, 2018).

The principles of tACS and entrainment have been reviewed in the general introduction. In practice,
achieving entrainment requires delivering the stimulation at the right frequency, and if the intrinsic
oscillator is non-stationary, continuously matching the frequency and phase of the stimulation with the
intrinsic oscillator in real-time. For this reason, the application of standard open-loop tACS sine waves
is suboptimal for addressing a multifaceted oscillatory challenge like PD tremor (Cagnan et al., 2014).
Achieving continuous entrainment can be facilitated through closed-loop stimulation protocols, where
the device acquires real-time data on the phase or frequency of the intrinsic oscillator and adjusts the
stimulation signal accordingly in brief intervals throughout the stimulation session (Cagnan et al., 2017).
In the context of PD and ET tremor management—the latter also possessing similar characteristics as
PD tremor and being associated with a cerebellar oscillatory component—recent studies have shown
successful entrainment and selective tremor suppression through closed-loop adaptive stimulation, via
both invasive approaches such as DBS (Brittain and Cagnan, 2018; Cagnan et al., 2014) and NIBS
methods, such as stimulating M1 or the cerebellum by closed-loop and phase-adjusted tACS paradigms
(Brittain et al., 2015, 2013; Schreglmann et al., 2021).

Despite the instances of success highlighted, the outcomes of these interventions have been described
as highly individualistic and generally infrequent. Specifically, in the context of PD tremor, closed-loop
and adaptive cerebellar stimulation has been successful in achieving selective entrainment in one study
however without leading to significant tremor suppression (Brittain et al., 2015). This limitation might be
attributed to the challenges in rapidly detecting and matching the external with intrinsic oscillations.
Current devices often require an external analyser, such as a computer equipped with signal analysis
software, to enable real-time computations within the closed loop. The method of recording and

detecting the brain’s oscillatory signal also plays a crucial role. Ideally, signals would be directly captured
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from the brain via electroencephalography (EEG) or magnetoencephalography (MEG). However,
present-day technologies struggle with the practical details of integrating simultaneous EEG/MEG and
tACS, particularly the issue of eliminating tACS-induced artefacts on EEG/MEG recordings.

Consequently, for NIBS strategies addressing PD tremor, the input signal may require acquisition from
alternative sources outside of the brain such as the tremulous hand. This approach facilitates the
integration with tACS; however, it introduces a time delay in phase adjustments which complicates the
achievement of neural entrainment. To address this challenge, we set out to develop a device capable
of executing the entire process autonomously: from tremor recording, through phase detection and
analysis, to the generation and adjustment of tACS signals. This device aims to operate in real-time and
independently to achieve faster and more precise performance than conventional stimulation devices or

even combined systems.

6.6 Methods

6.6.1 Experiment Design

Performing closed-loop cerebellar tACS effectively to suppress PD tremor requires careful experimental
design. Key considerations include handling the inherently unstable nature of PD tremor, as highlighted
by Di Biase et al. (2017). Due to this instability, recording and stimulation blocks should be brief to
capture periods when the tremor is visible and pronounced. This ensures that the device can accurately
detect and record strong tremor, extract signal characteristics in real-time, and initiate closed-loop
stimulation. Additionally, multiple runs are necessary to achieve reliable results, while also keeping the
total duration of the sessions from being too long, considering the older age of typical PD patients,
usually over 60 years.

Participants will be individuals diagnosed with PD according to the UK Brain Bank criteria (Postuma et
al., 2015), who also exhibit noticeable hand tremor, and have no history of head trauma, other
neurological disorders, psychiatric conditions, or substance misuse. Patients will be required to partake
in two experimental sessions. At the onset of the first session, an assessment of motor symptom
severities will be conducted via MDS-UPDRS Part 1l which will be repeated upon completion of the
second session to serve as a clinical benchmark. Both sessions include repeated tACS interventions,
framed by 5-minute periods of baseline tremor recordings preceding and succeeding the intervention to
facilitate the assessment of the stimulation's impact. The protocol for each tACS intervention spans 36
seconds, initiating with a 10-second phase for tremor recording to determine the peak frequency and
phase profile. This will be followed by a 10-second stimulation period, plus a 3-second ramp-up and a
3-second ramp-down phase. A subsequent 10-second tremor recording phase concludes the
intervention.

The first session is designed with a focus on the characterization of tremor, with the primary objective
being the identification of the optimal phase lag or ‘Ag;,,," between the recorded tremor and the tACS
signal. This optimal phase lag is associated with the maximal therapeutic effect, namely, the maximal
suppression of tremor. In particular, the time-series data of the tremor is first converted from the time
domain to the frequency domain by Fast Fourier Transform (FFT). This transformation allows for

analysis of the frequency components of the signal, focusing on the tremor frequency band of interest,
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such as 4-6 Hz. Following this, time-frequency plots will be generated to visualize how the power within
this frequency band changes over time before, during and after stimulation. The effect of stimulation will
then be assessed by using linear mixed models, which allows for addressing both fixed and random
effects (tremor suppression vs. individual subject variability). To enhance the robustness of the results,
multiple stimulation runs will be conducted across a spectrum of phase alignments within a session,
testing various phase delays within the stimulation cycle in accordance with protocols previously
established by Schregimann et al. (2021).

In addition to the active stimulation phases, the experimental design incorporates control conditions,
specifically 'Uncoupled’ and 'Sham', to accurately differentiate the effects of the intervention from
potential placebo effects. The 'Uncoupled' condition refers to a scenario where the stimulation phase
and frequency are not synchronised with the tremor dynamics. Conversely, the 'Sham' condition mimics
the active condition in terms of the ramp-up and ramp-down phases but omits the actual delivery of the
stimulation current.

During the second session, the investigation progresses by employing the optimal phase lag (A¢g,;)
identified from the first session. Particularly, Agg,, is used as the basis of the dynamic phase
adjustments between the recorded tremor and ongoing tACS. This real-time, adaptive methodology
permits the stimulation parameters to be continuously refined to match the phase of the tremor, thereby
enhancing the precision and effectiveness of the intervention. The stimulation initiates at the tremor's
frequency, and through real-time phase matching, it adapts to accommodate any fluctuations in tremor

frequency.

6.6.2 Closed-loop Framework and Device

Based on the experimental design, we outlined the workflow and drafted a process flow diagram as
presented in Figure 12. The process begins with the acquisition of hand tremor signals through a triaxial
accelerometer, capturing movement across the x, y, and z axes, followed by the application of the fast
Fourier transform (FFT) algorithm for spectral analysis on the Euclidean norm of the tremor data from 3
axes (Cooley and Tukey, 1965). Subsequently, the stimulation process initiates as described previously,
simultaneously recording signals and immediately detecting phase and frequency, integrating the
identified signal characteristics plus a rapid online detection algorithm to generate phase- and
frequency-matched tACS signals within this closed loop with 2 ms adjustment intervals. To ensure
comprehensive monitoring of the process, the device is designed to produce and transmit high-quality
outputs in real-time, including the raw tremor data, the analysed signal, detected phase and frequency,
and the generated tACS signal through separate channels, utilizing the LabStreamingLayer (LSL)
platform (A. Kothe, 2022). LSL is a multi-platform C++ shared library for data streaming with C bindings
and wrappers for various programming languages such as MATLAB or Python. This setup not only
facilitates online monitoring of the process but also enables the recording of all data for subsequent
offline analysis.
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Figure 12. Process flow diagram of the closed-loop stimulation system to entrain and suppress PD tremor. This diagram
outlines the sequential steps from initial hand tremor signal acquisition via an accelerometer, through spectral analysis using FFT,
to the real-time generation and adjustment of phase- and frequency-matched tACS signals. The process is designed in a way to
ensure accurate signal detection, analysis, and effective stimulation adjustment within a 2 ms interval.

6.6.3 Hardware and Software Development

The process framework was next implemented on the newly developed closed-loop stimulation device
by neuroConn, known as LOOP-IT (neuroConn Technologies, 2022). The modular architecture of
LOOP-IT facilitates flexibility in accommodating a wide array of analogue and digital input/output (I/O)
modules, as illustrated in Figure 13, which allows for virtually limitless configuration combinations to suit
specific experimental needs. Among the device’s capabilities is the support for a variety of electrically
independent modules, each offering distinct functionalities. These include the acquisition of various
signals like EEG, Electrocardiography (ECG), and Electromyography (EMG) at sampling rates up to 16-
kilo samples per second (ksps); transcranial electric stimulation (tES), transcranial magnetic stimulation
(TMS), current sources characterized by low noise levels, multichannel digital I/O; and interfaces for
evoked potential and display, ideal for feedback-driven applications (neuroConn Technologies, 2022).
For the purpose of this study, a specific LOOP-IT device was developed and hardware-programmed
using C/C++ and a Linux-based operating system. This custom programming and hardware adjustment
were aimed at enabling the device to independently entrain and suppress PD tremor using the previously

described algorithm and workflow.
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Figure 13. The modular structure of the LOOP-IT closed-loop stimulation device. This illustration showcases the versatile
modular design of the LOOP-IT system, developed by neuroConn, highlighting its capacity to integrate a broad spectrum of
electrically isolated analogue and digital /O modules. The system can be customized to support a diverse range of functionalities,
enabling LOOP-IT to be specifically configured for complex neuroscientific research and therapeutic applications, such as the
suppression of PD tremor using tailored algorithms.

The device, as can be seen in Figure 14, operates on batteries, ensuring independence from the city's
electrical grid to guarantee both low voltage levels and full operational control. Furthermore, using
batteries detaches LOOP-IT from the 50Hz line noise and enhances signal quality. The battery pack
utilizes batteries capable of being charged in three phases with a constant initial current of ~2A. The
data input i.e. hand tremor signal, is through the triaxial accelerometer, while the output interfaces
through bi-channel electrode sockets compatible with standard tACS electrodes. These sockets can
connect to conventional sponge electrodes from neuroConn, facilitating optimal electrode placement as
identified by Sadeghi et al. (2022b). In addition to the stimulation output cables, a LAN cable links the
device to a computer with MATLAB, on which LSL-related libraries are installed and through the function
‘vis_stream’ the incoming data streaming is visible and recordable in high quality. This connection serves
solely as a one-directional information and data transfer path from the device to the researcher, without

offering any means to alter or influence the device's function remotely.
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Figure 14. LOOP-IT device. A) the completed LOOP-IT device, showcasing its main components: the main device, the battery
pack, ensuring that the device operates independently of external power sources, a triaxial accelerometer for accurate motion and
tremor detection; and tACS electrodes for delivering the stimulation. B) schematic representation of the experimental setup using
LOOP-IT to record and deliver phased-adjusted tACS to entrain and suppress the tremor of a PD patient. lllustration by Maria
Carlos Oliveira (2023).

The device is equipped with a compact computing unit and an integrated touch display, enabling users
to conveniently input experiment-specific parameters at the start of each session. These parameters
include a numerical subject identification code for anonymity, session and run identifiers, stimulation
duration in seconds, and a restricted stimulation amplitude range of 2-4 mA peak to peak. Additionally,
it allows for the adjustment of phase lag settings by the user and provides straightforward start and stop
controls for seamless device operation management. Given that the device's analysis, along with the
subsequent delivery and modulation of the tACS signal, relies heavily on the characteristics of the
incoming tremor signal, significant attention has been devoted to the precision and safety of the tremor
recording sensor. Therefore, a standard and commercially available triaxial accelerometer was used
and further equipped with an embedded hardware frequency filter tailored for PD tremor to ensure rapid,
high-fidelity tremor signal capture and transmission at an adequate sampling rate, within the specified
frequency range, and free of noise interference.

Upon commencing a session, once the accelerometer and tACS electrodes are connected, the device
autonomously verifies safety criteria, detects the tremor signal, and prepares to operate in one of two
modes: either exclusively recording for tremor characteristic analysis or executing closed-loop
stimulation through concurrent recording and phase-adjusted tACS at 2 ms intervals. The device outputs
data is streamed through 9 separate LSL channels as planned, including raw tremor signal, computed
dominant frequency, adjusted dominant frequency (average), tremor magnitude, tremor phase, tACS
current (mA), tACS voltage (uV), study information (patient ID, run, session), and tACS information

(phase lag, sham, uncoupled).
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6.6.4 Device Safety

Safety was paramount throughout the development and implementation of this closed-loop device, given
its autonomous capabilities to detect tremor, analyse the signal, and then generate and apply a tACS
signal based on these analyses. From the initial design phase to the final stages of development and
testing, meticulous attention was devoted to ensuring maximal safety and minimal risk associated with
its use.

Key to this approach was securing ethical approval for the entire experimental process including tremor
recording, analysis, and closed-loop stimulation with a 2-4mA peak-to-peak tACS. To establish a reliable
voltage control system and minimize electrical risks, the device operates on battery power alone,
disconnected from the municipal power supply. Electrical isolation was implemented in the device to
ensure that patients with attached electrodes were safely isolated from the device’s power source.
Additionally, the hardware developers at neuroConn incorporated voltage control measures into the
device's circuitry.

Safety measures further involved the implementation of hardware-level bandpass filters directly in the
accelerometer sensor, confining signal recording to the tremor frequency range of 4-6 Hz to prevent the
generation of tACS signals outside this spectrum. During the stimulation phase, controlling the
impedance level at the electrode-skin interface is critical. Therefore, an algorithm was embedded to
continuously measure impedance levels throughout stimulation, to automatically discontinue stimulation
if impedance exceeds 10KQ, and to visually indicate impedance levels via a colour-coded light button
on LOOP-IT display screen (green for 0-5KQ, yellow for 5-10KQ, and red for 210KQ). Additionally, to
ensure the tACS signal remains relatively stationary no matter the conditions, an algorithm constantly
controls the generated signal's magnitude, ceasing stimulation if unusual activity is detected (with a
ramp-down to avoid sudden changes in output voltage), such as excessive currents beyond the set
range of 2-4mA or a sudden drop to near zero amplitude.

6.6.5 Device Performance

During the hardware programming phase, each function was rigorously tested across multiple stages.
After completing the hardware development and programming, we conducted comprehensive testing
using a variety of inputs. This included tremor simulations with a custom tremor machine and tests
involving two participants who mimicked hand movements replicating actual tremor patterns recorded
from a PD patient with severe hand tremor. These tests also explored different stimulation parameters
to assess the device's overall performance and the accuracy and quality of each specific output in
MATLAB. For instance, the tremor's dominant frequency was measured offline using FFT by plotting the
power spectrum and identifying the peak within the PD tremor frequency range. This measurement was
then compared to the device's calculations.

A critical aspect of testing focused on the accuracy of phase adjustment, namely, the device's ability to
align its tACS signal with the real-time tremor signal. This involved offline analysis of both the raw tremor
and the generated tACS signals. First, a 4th-degree bandpass Butterworth filter was applied within the
PD tremor frequency band (4-6 Hz), followed by conducting a Hilbert transform and extracting the

instantaneous phase and frequency profiles of both signals. The synchronisation quality between the
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tACS and tremor signals was evaluated by computing the Phase Locking Value (PLV), (Hilsemann et
al., 2019; Lachaux et al., 1999) as given by [21].

2?21 elOtremor,t=Otacs,t)

PLV =

[21]

n

Where 8;omor represents the tremor signal, 6,4.s the LOOP-IT tACS signal, n denotes the total number
of data points, t represents a specific data point, and ei(Ptremort=6tacst) is the complex exponential of the
phase difference between the tremor and tACS signals at each data point, providing a measure of their
phase synchronisation. In the final analysis, one-sample t-tests were conducted to assess if the
observed phase differences fell within an acceptable deviation from the predetermined phase lag. The
resulting p-values were compared against a significance threshold of 0.05 to determine statistical

significance.

6.7 Results

Figure 15 showcases LOOP-IT performance in aligning the participant’s detected hand tremor signal
and the generated and adjusted tACS signal. Polar histograms are plotted for two distinct conditions:
the phase lag set at 0° and 120°. Across each scenario, five repeated runs were conducted and
assessed. In both configurations, a success rate above 80% (4 out of 5 runs) is observable, with notably
high PLV values (mean = 96.96%, SD = 0.45% for 0° phase lag, and mean = 80.08%, SD = 33.31% for
120° phase lag). T-test outcomes further demonstrate significant compliance with the predetermined
phase lag, revealing that the phase of the generated tACS does not significantly deviate from the tremor

phase (p = 0.99 for 0° phase lag, p = 0.25 for 120° phase lag).

A phase lag set to 0° B phase lag set to 120°
90 90
120 1 60 120 1 60
0.8 08
150 0.6 30 150 0.6 30
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0.2 = 1, ph_diff = -8°, PLV = %97.37 0.2 1, ph_diff = 111°, PLV = %97.56
180 0\ 0 |===2,ph_diff=-7°, PLV = %96.32 180 0 2, ph_diff = 111°, PLV = %96.23
3, ph_diff = -8°, PLV = %97.03 3, ph_diff = 306°, PLV = %20.86
4, ph_diff = -7°, PLV = %97.13 4, ph_diff = 113°, PLV = %97.17
5, ph_diff = 24°, PLV = %24.06 5, ph_diff = 225°, PLV = %88.60
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270 270

Figure 15. Performance of the developed LOOP-IT device in terms of phase adjustment and synchronisation. Polar plots
of two conditions where the device was used to entrain and suppress simulated PD tremor with set phase lags of 0° and 120°
(panels A and B respectively). For each condition, 5 repetitive runs were conducted. The orientation of each line within the plot
corresponds to the phase difference observed in each run (relative to the intended phase lag of 0° or 120°), while the length of
the line indicates the magnitude of the corresponding PLV, reflecting the synchronisation strength between the simulated tremor
and the tACS signal. The results indicate the device’s capability to adjust and synchronise with the simulated tremor, as evidenced
by the distribution and length of lines within each polar histogram.
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6.8 Discussion

The design and operational strategy of LOOP-IT, which includes real-time phase matching closed-loop
tACS and possesses the ability to suppress PD tremor, presents a contribution to personalized therapies
in neurological disorders. The significance of such a device lies not only in its technical innovation but
also in its adaptation to intermittent uncommon behaviours of PD tremor among PD patients or even
within the same patient over time (Di Biase et al., 2017). By providing a means to dynamically adjust to
the tremor's characteristics, the development of this device offers a more effective and patient-specific
therapeutic option compared to the conventional open-loop tACS paradigms.

Quality and safety were considered a high priority during the development process of LOOP-IT. Findings
from rigorous testing procedures revealed that the device meets all necessary standards for systematic
performance and safety. As a result of the development and testing phase, LOOP-IT is now ready for
pilot testing on patients, a vital step for assessing the practical impact of the device on tremor
suppression in real-world settings. However, the pilot testing phase and its outcomes fall outside the
scope of this thesis. The deployment of LOOP-IT in clinical settings heralds a promising advance in PD
tremor management, highlighting the importance of innovation and patient-centred design in addressing

the intricate challenges of neurological conditions.
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Conclusion
Chapter 7 : Conclusion and Outlook

In this thesis, findings from a multimodal investigation of PD tremor are reported, through a series of
interconnected studies that span structural analyses, network dynamics, and the development of
therapeutic interventions.

First, we focused on the structural changes in the cerebellum associated with PD tremor. Our findings
indicate that there is a significant correlation between the severity of PD tremor and the volume of lobule
VIlb, a sub-region of the cerebellum involved in hand movement. This suggests a potential cerebellar
biomarker in PD tremor, enhancing our understanding of the cerebellar morphological mapping of
tremor-associated regions and networks.

On the functional and dynamical levels, we observed that PD disrupts the brain's equilibrium across
multiple spatial scales. The dynamics of the CTC network are notably affected, and the cerebellum's
influence within the brain's hierarchical organization increases in the disease state. These findings clarify
more how the cerebellum and CTC are involved in the pathology of PD.

Building on the insights from structural and dynamical analyses, we explored non-invasive cerebellar
stimulation paradigms to reduce tremor amplitude. First, we optimized cerebellar tACS strategies to
ensure effective and safe modulation of cerebellar activity. Next, to fully use the potential of tACS to
entrain and modulate intrinsic brain oscillations, in a collaborative effort, we designed and developed a
device capable of performing closed-loop, phase-adjusted cerebellar tACS. This innovative device is
specifically engineered to entrain and reduce PD tremor by responding dynamically to ongoing tremor
oscillations.

To address each research question with high validity and reproducibility, the two critical aspects of
translational neuroscience, the methodology used in this thesis was carefully selected. We employed a
combination of MRI and computational modelling based on their established reliability and effectiveness.
The MRI-based techniques, including anatomical, tractography, and functional assessments were
chosen because they provide comprehensive insights into brain structure and function, essential for
understanding PD tremor. Additionally, we defined the MRI sequences and scanning parameters in a
way to be feasible in most clinical settings today, enhancing the translatability and applicability of our
findings. Computational modelling was integrated directly with the MRI data, an approach that
significantly enhances the accuracy of simulations. This method allows us to create detailed and
predictive models of brain dynamics, offering a powerful tool for exploring underlying pathological
mechanisms and hypothesizing the effects of potential interventions on PD tremor. By combining these
advanced methodologies, we ensured that the research was not only grounded in empirical findings but
also poised for practical application and replication in clinical contexts.

The limitations of the works associated with this thesis primarily stem from the limited sample sizes of
PD patients specifically exhibiting tremor, a common challenge in clinical settings. This restriction
reduces the generalizability of the findings and also hinders our ability to perform classification analyses
between healthy/PD or PD with/without tremor using results from the computational models.
Additionally, the absence of a longitudinal investigation to track these findings over time further limits
our understanding of their long-term implications and stability.
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The sequential exploration from structural analyses to the development of a therapeutic device
contributes to both understanding and treating PD tremor. The structural alterations in the cerebellum
provide a clear target for intervention, while the altered dynamics of the CTC network underscore the
complexity of PD's impact on brain function. The development of a targeted stimulation device based
on these findings represents a significant advancement in personalized, technology-driven therapies to
manage PD tremor.

Future research should focus on recruiting larger sample sizes to enhance the generalizability of findings
across various types of tremor, not just those associated with PD, especially over the long term.
Investigating the impact of dopamine or dopamine responsiveness on tremor dynamics would also be
insightful. Finally, conducting clinical trials using the developed closed-loop device on PD patients with
significant tremor could validate its effectiveness and confirm its potential as a non-invasive therapeutic

alternative to reduce PD tremor in clinical settings.
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Annexe

Supplementary Materials to Chapter 4: Alterations of the Cerebellar Structure in PD

Tremor

Descriptive Information on Cerebellar Volumes

In our study examining the relationship between cerebellar volumes and tremor severity in PD, we
extended our analyses to include detailed assessments of individual cerebellar regions. Table S1
presents comprehensive descriptive statistics for the volumes of various cerebellar lobules, namely

lobules | through X, Crus I, and Crus II, which were extracted using the CERES pipeline.

Table S1. descriptive statistics of cerebellar volumes

Cerebellar region Mean volume (cm?) SD Median [Min, Max] (cm?)
Cerebellum 136.82 15.59 135.85 [107.63, 185.46]
Lobule I-11 0.10 0.04 0.09 [0.04, 0.28]
Lobule 11l 1.43 0.29 1.40 [0.88, 2.28]
Lobule IV 4.54 0.71 4.50 [2.50, 6.34]
Lobule V 7.86 1.12 7.68[6.13, 11.34]
Lobule VI 17.89 3.38 17.89 [1.60, 26.61]
Crus | 28.41 5.22 27.40 [19.33, 42.83]
Crus Il 17.58 2.99 17.24 [12.04, 24.40]
Lobule VIib 9.21 1.32 9.04 [6.86, 12.48]
Lobule Villa 13.54 1.95 13.62 [9.88, 16.95]
Lobule Viiib 9.60 1.77 9.47 [6.31, 14.43]
Lobule IX 7.86 1.50 7.74 [4.47,11.71]
Lobule X 1.58 0.28 1.55 [1.08, 2.36]

SD: standard deviation

Association of Cerebellar Volumes with BR and PIGD Scores

Apart from the tremor severity, we also investigated the associations between cerebellar volumes and
bradykinesia-rigidity (BR) and postural instability and gait disorders (PIGD) using linear regression
models. The results are presented in Table S2 and Table S3. Although our findings did not reveal any
statistically significant correlations (all p-values > 0.05), the table provides the beta coefficients along

with 95% confidence intervals (Cl) for each cerebellar region studied.
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Table S2. Association between cerebellar volumes and BR scores in PD

Cerebellar Region Beta coefficient (95% CI) P-value
Cerebellum 0.07 0.526
Lobule I-11 -16.37 0.520
Lobule 11l 2.75 0.499
Lobule IV 1.34 0.443
Lobule V -0.81 0.454
Lobule VI -0.17 0.660
Crus | 0.38 0.167
Crus Il 0.31 0.459
Lobule VilIb 0.04 0.967
Lobule Villa 0.29 0.656
Lobule VIlib 0.52 0.514
Lobule IX -0.50 0.573
Lobule X 1.21 0.789

* p-value significant after LOOA analysis as well as FDR correction. BR score has been extracted from MDS-UPDRS part Il (items 3.3, 3.4, 3.5,
3.6, 3.7, and 3.8). Results of multiple linear regression models are presented and the primary outcome is demonstrated using the beta coefficient.
The confidence interval is considered 95%. No significant association was found between cerebellar lobule volumes and BR score. Results are
adjusted for age, sex, disease duration, and ICV. BR: bradykinesia-rigidity; ICV: intracranial volume; LOOA: leave-one-out analysis; MDS-UPDRS:
Movement Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale

Table S3. Association between cerebellar volumes and PIGD scores in PD

Cerebellar Region Beta coefficient (95% CI) P-value
Cerebellum 0.01 0.862
Lobule I-11 -4.36 0.738
Lobule 11l 1.72 0.410
Lobule IV 0.63 0.478
Lobule V -0.66 0.231
Lobule VI -0.28 0.146
Crus | 0.11 0.434
Crus Il 0.24 0.274
Lobule Vilb 0.46 0.325
Lobule Villa -0.29 0.388
Lobule Villb -0.09 0.823
Lobule IX -0.48 0.295
Lobule X 3.50 0.127

* p-value significant after LOOA analysis as well as FDR correction. PIGD score has been extracted from MDS-UPDRS parts Il and Ill (items 2.12,
2.13, 3.10, 3.11, 3.12). Results of multiple linear regression models are presented and the primary outcome is demonstrated using the beta
coefficient. The confidence interval is considered 95%. No significant association was found between cerebellar lobule volumes and PIGD score.
Results are adjusted for age, sex, disease duration, and ICV. PIGD: postural instability and gait disorders; LOOA: leave-one-out analysis; FDR:
false discovery rate; ICV: intracranial volume; MDS-UPDRS: Movement Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease
Rating Scale

Association of Cerebellar Volumes with Distinct Tremor Types

We investigated the associations between various types of tremors and cerebellar volumes by
conducting post-hoc regression analyses separately for postural, kinetic, and rest tremor severities.
Table S4, Table S5Table S5, and Table S6 represent the results respectively. The only significant
finding from our analyses was a negative correlation between the severity of kinetic tremor and the
volume of cerebellar lobule VIlb (Table S5, p = 0.002). Other types of tremors, including postural and

rest tremors, did not demonstrate significant associations with cerebellar volumes.
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Annexe

Cerebellar Region Beta coefficient (95% CI) P-value
Cerebellum -0.01 0.158
Lobule I-11 -1.73 0.038
Lobule Il -0.25 0.063
Lobule IV 0.00 0.981
Lobule V -0.02 0.526
Lobule VI 0.01 0.637
Crus | 0.00 0.591
Crus Il -0.03 0.015
Lobule VIIb -0.08 0.005
Lobule Villa -0.02 0.275
Lobule VIllb -0.02 0.437
Lobule IX -0.04 0.128
Lobule X -0.27 0.067

* p-value significant after LOOA analysis as well as FDR correction.

Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale

Table S5. Association between cerebellar volumes and kinetic tremor scores

Postural tremor scores have been extracted from MDS-UPDRS part Ill item
3.15. The outcome of the linear regression models is reported as the beta coefficient. The confidence interval is considered 95%. Results are
adjusted for age, sex, and ICV. LOOA: leave-one-out analysis; FDR: false discovery rate; ICV: intracranial volume; MDS-UPDRS: Movement

Cerebellar Region Beta coefficient (95% CI) P-value
Cerebellum -0.01 0.006
Lobule I-11 0.06 0.941
Lobule 111 -0.12 0.369
Lobule IV -0.09 0.095
Lobule V -0.05 0.148
Lobule VI -0.02 0.188
Crus | -0.01 0.363
Crus Il -0.04 0.005
Lobule Vb -0.09 0.002
Lobule Villa -0.04 0.090
Lobule Villib -0.02 0.421
Lobule IX -0.02 0.418
Lobule X -0.22 0.139

* p-value significant after LOOA analysis as well as FDR correction. Kinetic tremor scores have been extracted from MDS-UPDRS part 1l item 3.16.
The outcome of the linear regression models is reported as the beta coefficient. The confidence interval is considered 95%. Results are adjusted for
age, sex, and ICV. LOOA: leave-one-out analysis; FDR: false discovery rate; ICV: intracranial volume; MDS-UPDRS: Movement Disorder Society-

Sponsored Revision of the Unified Parkinson’s Disease Rating Scale
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Table S6. Association between cerebellar volumes and rest tremor scores

Cerebellar Region Beta coefficient (95% CI) P-value
Cerebellum 0.00 0.877
Lobule I-11 -3.10 0.006
Lobule Il -0.41 0.027
Lobule IV 0.13 0.103
Lobule V 0.01 0.857
Lobule VI 0.01 0.623
Crus | 0.01 0.460
Crus Il -0.01 0.789
Lobule VIIb -0.06 0.145
Lobule Villa 0.01 0.800
Lobule VIilb 0.01 0.722
Lobule IX 0.02 0.573
Lobule X 0.15 0.468

* p-value significant after LOOA analysis as well as FDR correction. Rest tremor scores have been extracted from MDS-UPDRS part Il items 3.17
plus 3.18. The outcome of the linear regression models is reported as the beta coefficient. The confidence interval is considered 95%. Results are
adjusted for age, sex, and ICV. LOOA: leave-one-out analysis; FDR: false discovery rate; ICV: intracranial volume; MDS-UPDRS: Movement
Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale

Association of Cerebellar Volumes with Tremor in Upper Extremities

According to MDS-UPDRS, ‘tremor score’ consists of not only tremor observed in the upper extremities
(hands) which are reflected in test items 2.10, 3.15a-b, 3.16a-b, 3.17a-b, and 3.18, but also lower
extremities (legs) reflected in test items 3.17c and 3.17d, as well as jaw/lips tremor including score
3.17e. Consequently, the total tremor score is calculated from all these parameters. To address this
point, additional analyses have been performed using the hand tremor severity only, meaning that the
UPDRS leg and jaw/lips tremor scores were subtracted from the total tremor scores of each participant
with PD and similar multiple linear regression models were utilized. The main results as reported in the
manuscript are unchanged and reveal a significant correlation between the volume of lobule VIlb and

hand tremor severity (p = 0.005) as can be viewed in Table S7.

Table S7. Association between cerebellar volumes and tremor scores of upper extremities

Cerebellar Region Beta coefficient (95% CI) P-value
Cerebellum -0.01 0.227
Lobule I-11 -2.75 0.021
Lobule 11l -0.36 0.059
Lobule IV 0.06 0.448
Lobule V -0.02 0.685
Lobule VI <0.01 0.828
Crus | 0.01 0.550
Crus Il -0.03 0.113
Lobule Vllb -0.12 0.005*
Lobule Villa -0.04 0.191
Lobule Villib -0.03 0.450
Lobule IX -0.04 0.301
Lobule X -0.09 0.676

* p-value significant after LOOA analysis as well as FDR correction. The outcome of the linear regression models is reported as the beta coefficient.
The confidence interval is considered 95%. Results are adjusted for age, sex, and ICV. LOOA: leave-one-out analysis; FDR: false discovery rate;
ICV: intracranial volume; MDS-UPDRS: Movement Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale
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Supplementary Materials to Chapter 5: Distortions of the Whole Brain and CTC
Equilibrium in PD

Bridging Parcellations

The MRI images were parcellated using the Lausanne 2018 atlas (Cammoun et al., 2012; Tourbier et
al., 2022). In parallel, the cerebellum was segmented using the CERES pipeline (Carass et al., 2018;
Romero et al., 2017) and added to the Lausanne parcellation, resulting in a combined parcellation
denoted as LC. For the network-level analysis, the regions of interest listed in Table S8 were required
to be marked and extracted from the LC parcellation. An issue however arises for the regions whose
anatomical and functional delineations differ, and cannot be accurately extracted from the dominantly
anatomical LC parcellation. including supplementary motor area, primary motor cortex, premotor Cortex,
and primary somatosensory cortex. These regions of interest are defined in the automated anatomical
labeling3 (AAL33) (Rolls et al., 2020) parcellation regime and have unique Brodmann codes (Brodmann,
1909). Therefore, the MRI images were in parallel parcellated with the AAL3/Brodmann atlas, then a
custom-made MATLAB script (R2022b, The MathWorks, Inc.) was used to bridge the gap between the
LC and AAL3/Brodmann parcellations. The algorithm loads parcellated and labelled volumes of one
subject, then searches for specific AAL3/Brodmann labels in the LC parcellation and marks them.
Having three sets of labels, in the analysis the most accurate label was chosen for each region of interest
and used for masking and further network-based computations. Table S8 includes details of regions,

which network they belong to, and their corresponding AAL3 and Brodmann labels.

Table S8. Regions of interest for network-level investigation of the arrow of time in Parkinson’s disease

. Brodmann
Region of Interest Network LC Label AAL3 Label Lact;(zzl a
Basal Ganglia

Caudate Caudate nucleus
Striatum BTC Lenticular nucleus, -
Putamen
Putamen
Globus pallidus externus (GPe) BTC Paliid Lenticular nucleus, -
allidum )
Globus pallidus internus (GPi) BTC Pallidum -
Ventral
Subthalamic nucleus (STN) BTC Diencephalon(Neuromorp - -
hometrics, 2005)
Thalamus
Ventral lateral anterior nucleus (VLa) BTC Ventro Latero Ventral Ventral lateral -
Xf[g;al lateral - posterior nucleus CTC Ventro Latero Dorsal Ventral posterolateral -
Motor cortex
Supplementary Motor Area (SMA) BTC Superiorfrontal gyrus i:g;plementary motor BA6
Primary Motor Cortex (M1) BTC Precentral gyrus Precentral gyrus BA4
Premotor Cortex (PMC) CTC Superiorfrontal gyrus Superior frontal gyrus BA6
Primal Somatosensor Cortex BAL
ry y CTC Postcentral gyrus Postcentral gyrus BA2
(SMC) BA3
Cerebellum cTC 26 sub-regions (lobules, 26 sub-regions (lobules,

Crus, and Vermis)

Crus, and Vermis)

AAL: automated anatomical labelling; BTC: basal ganglia-thalamo-cortical network; CTC: cerebello-thalamo-cortical network
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The Hopf Model

The Hopf model as described by Deco et al. (2017) represents the brain as a network of coupled
oscillators. The local dynamics of each node are described by the normal form of a supercritical Hopf
bifurcation. Each node j is described by [S1].

dz; .
Where
7= pje'® = x; +1y; [52]

and n; is additive Gaussian noise with a standard deviation of 0.02. The system has a bifurcation at a; =
0, so that for a; < 0 there is a stable fixed point at z; = 0 and for a; > 0 the dynamics exhibit limit cycle
oscillations with a frequency of :’—; Hz. We have used a fixed a; = —0.02, and each node’s intrinsic

frequency w; is taken from the averaged peak frequency of the empirical time series of each brain region.

Separating the real and imaginary parts of this equation yields:

dx;
w0 = 4 =7 = ¥7]r — @y + X (e — x7) +1; [S3]
dy;
o0 = 14 =% =¥y — w5 + B G (e = 35) + [S4]

The time series are modelled by the real variable x;.

Linearization of the Hopf Model
Under the assumptions of small non-linearities and weak noise, the statistics of the whole system can
be estimated using a linear approximation (Ponce-Alvarez and Deco, 2024). Let bold letters denote

column vectors and matrices. The dynamical system can be rewritten in vector form as
%= (a—gS+iw)©z—-(zOzZ)z+gCz+n [SH

where z = [z, ..., zy], Z is the complex conjugate of z, a = [a,, ...,ay], @ = [wq, ..., wx], S =[S1, ..., Sy]
contains the “strength” of each node S; = }; C;;, and n = [n,, ..., ny] represents a vector of uncorrelated
noise. The symbol ® denotes the Hadamard product.

Linear fluctuations 6z are studied here around the fixed point z = 0, which is the solution of % =0.We

discard the higher-order terms (6z®46z)5z and keep only the first-order terms of 6z. Let du be a 2N-

dimensional vector:

du = (6x,8y) = (6xq, ..., 6%y, 8Y1, oo, OYN) [S6]
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Representing the evolution of the linear fluctuations. It follows the linear equation
%6u = ASu+1, [S7]

where the 2N x 2N matrix 4 is the Jacobian matrix of the system evaluated at the fixed point.

dFj
Aje = S K [S8]

where

F = (a4 — %% = y,°)x — w;y; + g 21 G (i — x7) [S9]
for1<j <N, and

Fi=(aj—x%—y2)y; + wxj + g Xn-1 Cix (vk — ;) [S10]
forN+1<j<2N.

The Jacobian matrix can be written as a block matrix by evaluating each of the partial derivatives:

A A
A= [ o A"y] [S11]
yx Yy
Where Ay, Ay, Ay, Ayy are N X N matrices are given as: A,, = 4,, = diag(a — g§) + gC and A,, =

—A,, = diag(w), which is a diagonal matrix whose diagonal is the vector w.

The statistics of the linear system can be determined from the Jacobian matrix, which depends on all
the parameters of the model. Given an initial condition du(0) att = 0, the general solution of a stochastic

linear system such as equation [S6] is given by:

su(t) = e"su(0) + [, e“=4dw(s) [S12]

where dW is a 2N-dimensional Wiener process, and e is the exponential matrix defined as:
et = ZZ’:O% (tA)F =T1+tA+ %(tA)Z + %(tA)3 +e, [S13]

where I is the identity matrix. The right-hand side of the equation is the sum of the deterministic
behaviour plus a stochastic integral representing the diffusion due to noise.
The linearization is only valid if the origin z = 0 is a stable solution of the system. The stability of the

origin can be determined by checking that all eigenvalues of A have negative real parts. Let A; be the
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eigenvalues of A. Then, the origin is asymptotically stable if Re(Aax) < 0, where A4« is the eigenvalue

with largest real part.

Network Statistics

In the following, we derive the network statistics of the linear system. The network mean activity (first-
order statistic) is trivial since z = 0. The first interesting statistic is the covariance of the fluctuations
around the origin, i.e., C, = (Sudu’), where the superscript T denotes the transpose operator. For a
stochastic linear system such as equation [S6], the motion equation of the covariance matrix C,, is given
as:

dc,

—L=AC, + C,AT +Qy, [S14]

where Q,, = (yn") is the covariance matrix of the noise. For uncorrelated noise, @, is diagonal, i.e.,
Q,, = o2I. The stationary covariance matrix can be obtained by solving % = 0, which leads to the

following algebraic equation:
AC,+C,AT+Q, =0, [S15]

Equation [S15] is an algebraic Lyapunov equation that has a unique solution provided that A is
asymptotically stable. The Lyapunov equation can be solved using the eigen-decomposition of the
Jacobian matrix. Let A = VDV~!, where D is a diagonal matrix containing the eigenvalues of 4, denoted
A;, and the columns of the matrix V are the eigenvectors of A. Multiplying equation [S15] by V=1 from

the left and by the conjugate transpose of V=1, noted V~1, from the right we get:
C,=VMVT, [S16]

where the matrix M is given as: M;; = —Q~i]-/(/1i + 1) and Q =V~1Q,V-t. A fast, stable numerical
solution of equation [S15] can be obtained using the MATLAB function lyap.m that uses the Bartels-
Stewart method based on the Schur decomposition of the matrix A (Bartels and Stewart, 1972).

Moreover, knowledge of the Jacobian matrix and the stationary covariance gives the stationary lagged
covariances of the state variables, defined as C,(t) = (u(t + t)du(t)"). Using the general solution of

the system given by equation [S12], we get:
C,(7) = e™{(su(t)su(t)’) = e™C,(0), [S17]

Where C,(0) = C, is the covariance matrix (i.e., zero-lag).
In summary, in the linear approximation, the stationary instantaneous and lagged covariance matrices
of the model can be obtained through algebraic operations including the Jacobian matrix, also in the

presence of time delays.
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Variability in Trophic Hierarchy Levels

The fano factor distributions were computed and plotted to depict the variability of trophic hierarchy
indices across different brain regions. First, the trophic hierarchy levels for each brain region were
calculated as described in the methods. Subsequently, the fano factor, representing the variance of
trophic hierarchy indices normalized by the corresponding mean, was computed separately for healthy
controls and Parkinson's disease patients. These fano factors were plotted as line graphs with markers
for both cohorts, providing a visual representation of the variability in trophic hierarchy indices across
brain regions for each group. Additionally, a boxplot was added to illustrate the distribution of trophic

hierarchy levels for different brain regions, refer to Figure S1.
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Figure S1. Boxplot and fano factor showing the variability of trophic hierarchy indices in each brain region. Fano factor
was computed as the variance of hierarchy indices normalized by the corresponding mean. Higher variance and fano factors are
visible in the healthy state. A complementary analysis of trophic hierarchy after the exclusion of outliers was performed and
revealed the same results, thus confirming that the range of variance as demonstrated in this figure is within an acceptable criteria
for the performed analyses.

Centrality Measures in the Effective Connectivity Graph

To study the importance of each parcellated region in the grand scheme of effective connectivity profiles,
we followed the technique described by Mackay et al. (2020) and Ronen et al. (2014) to compute
PageRank degrees of centrality for all nodes in the generative effective connectivity (GEC) directed
graph and sorted the nodes based on trophic hierarchy levels as well as centrality results. In Figure S2
the whole brain GEC graph is plotted and the nodes with the highest degrees of centrality are marked,
which also possess relatively high hierarchy levels. Certain cerebellar regions such as crus I, crus I,
lobule VI, and lobule VIIIA possess relatively high levels in both the hierarchical organization PageRank
centrality in both healthy and PD states. Several sparsely located cortical gyri also exhibit higher
centrality including superior frontal and parietal gyri in PD, and the same with the inclusion of precuneus

and precentral gyri in the healthy states.
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Figure S2. Hub Centrality Measures in Parkinson’s disease (PD) and healthy states. PageRank centrality measures were
computed in the whole-brain directed graph of generative effective connectivity (GEC) profiles with 1051 nodes representing
cortical, subcortical, and cerebellar regions; in both healthy and PD states. The nodes with the top 1% with the highest centrality
values were extracted and marked in the plot with their corresponding PageRank degree and region labels. Furthermore, trophic
hierarchy levels have been computed and plotted on the y-axis. It can be seen that certain cerebellar regions such as crus |, crus
11, lobule VI, and lobule VIIIA are relatively high in the hierarchical organization and possess higher degrees of centrality in both
healthy and PD states. A number of sparsely located cortical gyri also exhibit higher influence including superior frontal and parietal
gyri in PD, and the same with the inclusion of precuneus and precentral gyri in the healthy states. For the sake of visualization,
the centrality measures were scaled and discretized into seven bins, and all node data points have been enlarged by a factor of 2
with the top 1% nodes further enlarged by a factor of 1.5.

Supplementary Materials to Chapter 6: Non-invasive Stimulation of the Cerebellum

Activated Cerebellar Lobules

To find out which cerebellar lobules were stimulated beyond the activation threshold (super-threshold),
the mean current density (A/m) of each lobule was divided by grey matter conductivity of 0.26 S/m
(Koessler et al., 2017) to get the voltage density and then compare it to the 140 V/m activation threshold
as previously suggested (Neuling et al., 2012). Thresholding the flatmaps revealed activation of 7
lobules with forehead montage including Right VI, Right Crus I, Right Crus II, Right VlIb, Right Vllla,
Right VIlIb, and Right IX; 2 lobules with buccinator: Right Crus Il and Right VIIb; 3 lobules with jaw: Right
Crus IlI, Right VIIb, and Right VIIIb; and 3 lobules with neck: Right VIIb, Right Vllla, and Right VIlib.
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Current Density in Eyeballs and Brainstem

Annexe

Comprehensive descriptive statistics have been performed for current density values measured in the

eyeballs and the brainstem across different stimulation montages: forehead, buccinator, jaw, and neck.

For each montage, Table S9 includes the number of voxels analysed within the ROI, along with mean,

standard deviation, and median values of current density expressed in amperes per meter (A/m).

Table S9. Descriptive statistics of current density (A/m) values in the eyeballs and the brainstem

montage

forehead buccinator jaw neck
Eyeballs
N (number of voxels in ROI) 11096 11096 11096 11096
mean 0,32 0,06 0,05 0,03
Standard Deviation 0,07 0,03 0,02 0,00
median 0,32 0,06 0,03 0,05
Brainstem
N (number of voxels in ROI) 23792 23792 23792 23792
mean 0,05 0,03 0,02 0,09
Standard Deviation 0,07 0,03 0,02 0,03
median 0,03 0,01 0,01 0,01

Effect of Montage and Frequency on Skin Sensations

Table S10 provides detailed statistics on the effects of different montages and frequencies on skin

sensations during the tACS experiment via self-reports of the participants, as outlined in section 6.3.2.1

of the study.

Table S10. Sensation scores, phosphene scores, and phosphene areas for different montages based on
articipant’s self-reports. Values are averaged across subjects.

Montage Forehead Buccinator Jaw Neck
Frequency
5 | 10 | 30 £ 5 10 | 30 | § 5 | 10 | 30 E 5 | 10 | 30 £
e e < <

Question Hz Hz Hz & Hz Hz Hz & Hz Hz Hz & Hz Hz Hz &
0itching 157 | 157 | 129 | 114 | 143 | 157 | 229 | 100 | 200 | 1,72 | 1,72 | 100 | 1,72 | 186 | 157 | 1,00
1 warmth 1,00 | 1,00 | 1,00 | 1,00 | 100 | 1200 | 1,14 | 1,00 | 1,00 | 1,4 | 1,4 | 100 | 1,04 | 1,29 | 1,14 | 1,00
2 pricking 1,71 | 186 | 143 | 1,00 | 1,71 | 157 | 200 | 1,00 | 1,71 | 1,86 | 1,72 | 1,00 | 200 | 1,86 | 1,57 | 1,00
3 pain 1,14 | 1,00 | 100 | 1,00 | 100 | 1200 | 1,00 | 1,00 | 1,00 | 1,00 | 1,24 | 100 | 1,00 | 1,00 | 1,00 | 1,00
4 phosphene | ;. | 367 | 357 | 100 | 200 | 257 | 286 | 1.00 | 143 | 214 | 243 | 100 | 114 | 143 | 114 | 100
score (open)
5 phosphene 300 | 386 | 3.43 1,00 2,14 3,00 214 | 1,00 | 157 | 2,14 | 2,14 1,00 1,00 | 1,00 1,14 1,00
score (closed)
6  phosphene | o) | 575 | 074 | 000 | 025 | 044 | 053 | 000 | 006 | 033 | 021 | 000 | 001 | 017 | 001 | 000
area (open)
7 phosphene | o, | e | 500 | 000 | 032 | 052 | 046 | 000 | 011 | 039 | 020 | 000 | 000 | 0,00 | 008 | 000
area (closed)
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Table S11 presents the results of a two-way Scheirer Ray Hare (SRH) test, analysing the impact of
montage and frequency on four specific skin sensations: itching, warmth, pricking, and pain. The table
details the sum of squares (SS), degrees of freedom (df), mean squares (MS), H-statistic (H), and p-
values for each factor (montage, frequency) and their interaction. The results confirm that neither the
montage, the frequency of stimulation, nor the interaction between these factors, had any significant

impact on the intensities of the skin sensations

Table S11. Two-way SRH test showing the effects of montage and frequency on skin sensations (itching, warmth,

ricking, and pain) individually and in interaction.
SS df MS H p-value sig
Itching
Montage 680,29 3,00 3,16 0,37 no
Frequency 3,02 1,00 0,01 0,91 no
Inter 577,20 3,00 2,68 0,44 no
Within 10576,50 48,00
Total 11837,00 55,00 215,22
Warmth
Montage 280,00 3,00 3,67 0,30 no
Frequency 0,00 1,00 0,00 1,00 no
Inter 112,00 3,00 1,47 0,69 no
Within 3808,00 48,00
Total 4200,00 55,00 76,36
Pricking
Montage 97,86 3,00 0,46 0,93 no
Frequency 14,00 1,00 0,07 0,80 no
Inter 731,71 3,00 3,47 0,33 no
Within 10763,93 48,00
Total 11607,50 55,00 211,05
Pain
Montage 42,00 3,00 3,00 0,39 no
Frequency 14,00 1,00 1,00 0,32 no
Inter 42,00 3,00 3,00 0,39 no
Within 672,00 48,00
Total 770,00 55,00 14,00
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Summary

Summary

Background: Parkinson's disease (PD) is characterised by motor symptoms, including tremor, which
significantly impair patients’ quality of life. Recent research has shifted focus to understanding the
pathophysiology of tremor as a network phenomenon, specifically involving the basal ganglia-thalamo-
cortical (BTC) and cerebello-thalamo-cortical (CTC) networks. It has been found that the CTC network,

particularly the cerebellum, is involved in maintaining and increasing tremor amplitude.

Methods: This thesis employed a multimodal approach that integrated structural and functional magnetic
resonance imaging (MRI), computational modelling, and non-invasive brain stimulation to analyse the
dynamics of the cerebellum and CTC network in PD and tremor. Four sequential studies focused on

morphological analyses, network dynamics, stimulation protocols, and device development.

Results: Significant changes were observed in the volume of cerebellar lobule Vlib, strongly correlating
with the severity of PD tremor, suggesting its potential as a biomarker. Disruptions in brain equilibrium
due to PD were noted throughout the brain and within the CTC network, accompanied by an increased
influence of the cerebellum in the diseased state. These findings were complemented by optimizing the
montage of cerebellar stimulation for efficiency and safety, recommending a 5x5 sponge electrode
placed 2 cm lateral to the inion and a 5x7 counter electrode on the jaw. Based on these insights, a
comprehensive experimental protocol for effective, closed-loop, phase-adaptive, non-invasive
cerebellar transcranial alternating current stimulation (tACS) was developed. Concurrently, a novel
device was designed and developed that integrates all necessary functions to achieve significant real-

time alignment between tACS and tremor, ensuring both safety and efficacy.

Conclusion and Significance: The extensive multimodal study of the CTC network confirms its significant
role in the tremor physiology of PD, both structurally and dynamically. The increased influence of the
cerebellum on the hierarchical organization of the brain in PD underscores its suitability as a target for
non-invasive brain stimulation to restore a healthy brain equilibrium. The optimized stimulation pattern
and the designed closed-loop, phase-adaptive tACS device enable targeted modulation of cerebellar
oscillatory activity. This thesis represents an endeavour to advance the existing knowledge on PD tremor
pathophysiology and creates opportunities for personalized, non-invasive treatment strategies for this

symptom.
Keywords: Parkinson's disease (PD), tremor, cerebello-thalamo-cortical (CTC) network, cerebellum,

MRI-based analysis, computational modelling, non-invasive cerebellar stimulation, closed-loop and

phase-adaptive tACS
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Zusammenfassung
Zusammenfassung

Hintergrund: Die Parkinsonerkrankung (PD) ist durch motorische Symptome gekennzeichnet,
einschlielich Tremor, der die Lebensqualitéat der Patienten erheblich beeintrachtigt. Der Schwerpunkt
der Forschung hat sich in letzter Zeit auf das Verstandnis der Pathophysiologie des Tremors als
Netzwerkphanomen verlagert, insbesondere im Zusammenhang mit den Basalganglien-Thalamo-
Kortikalen (BTC) und Cerebello-Thalamo-Kortikalen (CTC) Netzwerken. Es wurde festgestellt, dass das
CTC-Netzwerk eine entscheidende Rolle bei der Aufrechterhaltung und Verstarkung der

Tremoramplitude spielt.

Methoden: In dieser Dissertation wurde ein multimodaler Ansatz verwendet, der strukturelle und
funktionelle Magnetresonanztomographie (MRT), computergestitzte Modellierung und nicht-invasive
Hirnstimulation integriert, um die Rolle des Cerebellums und des CTC-Netzwerks bei PD und Tremor
zu analysieren. Es wurden vier aufeinanderfolgende Studien durchgefihrt, die sich auf morphologische

Analysen, Netzwerkdynamik, Hirnstimulationsprotokolle und Gerateentwicklung konzentrierten.

Ergebnisse: Es wurden signifikante Verdnderungen im Volumen des cerebellaren Lobulus Viib
beobachtet, die stark mit der Schwere des PD-Tremors korrelieren und auf sein Potenzial als Biomarker
hinweisen. Stérungen im Gleichgewicht des Gehirns aufgrund von PD wurden im gesamten Gehirn und
innerhalb des CTC-Netzwerks festgestellt, zusammen mit einem erhdhten Einfluss des Cerebellums im
Krankheitszustand. Diese Ergebnisse wurden durch die Optimierung der Montage der cerebellaren
Hirnstimulation in Bezug auf Effizienz und Sicherheit erganzt, indem eine 5x5 Schwammelektrode 2 cm
seitlich des Inions und eine 5x7 Gegenelektrode am Kiefer platziert wurden. Basierend auf diesen
Erkenntnissen wurde ein umfassendes experimentelles Protokoll fir eine effektive, closed-loop,
phasenadaptive, nicht-invasive cerebellare phasenadaptive transkranielle elektrische
Wechselstromstimulation (tACS) entwickelt. Parallel dazu wurde ein neuartiges Gerat entworfen und
entwickelt, das alle notwendigen Funktionen integriert, um eine signifikante Echtzeit-Anpassung

zwischen tACS und Tremor zu erreichen und sowohl Sicherheit als auch Effizienz zu gewahrleisten.

Schlussfolgerung und Bedeutung: Die umfassende multimodale Untersuchung des CTC-Netzwerks
bestatigt seine bedeutende Rolle in der Tremorphysiologie bei PD, sowohl strukturell als auch
dynamisch. Der erhdhte Einfluss des Cerebellums auf die hierarchische Organisation des Gehirns bei
PD unterstreicht seine Eignung als Ziel fur nicht-invasive Hirnstimulation, um ein gesundes
Hirngleichgewicht wiederherzustellen. Das optimierte Hirnstimulationsprotokoll und das entworfene
closed-loop, phasenadaptive tACS-Gerat ermdglichen eine gezielte Modulation der cerebelldren
oszillatorischen Aktivitat. Diese Arbeit tradgt zum aktuellen Wissen Uber die Tremorphysiologie bei PD
und zur Entwicklung neuer, personalisierter, nicht-invasiver Behandlungsstrategien fir dieses Symptom
bei.

Schlusselwdrter: Parkinsonerkrankung (PD), Tremor, cerebello-thalamo-kortikale (CTC)-Netzwerk,
Cerebellum, MRT-basierte Analyse, computergestiitzte Modellierung, nicht-invasive cerebellare
Stimulation, closed-loop und phasenadaptive tACS
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List of Abbreviations

List of Abbreviations

AAL Automated Anatomical Labeling
ANOVA Analysis of Variance

BEM Boundary Element Model

BOLD Blood Oxygen Level Dependent

BR Bradykinesia

BTC Basal Ganglia-Thalamo-Cortical

CBI cerebellum-motor cortex inhibition
CSF Cerebrospinal Fluid

CTC Cerebello-Thalamo-Cortical

DBS Deep Brain Stimulation

DN Dentate Nucleus

DTI Diffusion Tensor Imaging

DWI Diffusion-Weighted Imaging

ECG Electrocardiography

EEG Electroencephalography

E-field Electric Field

EMG Electromyography

eLORETA Exact Low Resolution Brain Electromagnetic Tomography
EPI Echo Planar Imaging

ET Essential Tremor

FA Fractional Anisotropy

FC Functional Connectivity

FDR False Discovery Rate

FDS Finger-Dimmer-Switch

FFT Fast Fourier Transform

FOV Field of View

fMRI Functional Magnetic Resonance Imaging
GEC Generative Effective Connectivity
GPe Globus Pallidus externus

GPi Globus Pallidus internus

ICV Intracranial Volume

ID Indeterminate

1/0 Input/Output

IQR Interquartile Range

LSL LabStreaminglLayer

LOOA Leave One Out Analysis

M1 Primary Motor Cortex

MDS- Movement Disorder Society-Sponsored Revision of the Unified Parkinson’s Disease
UPDRS Rating Scale

MEG Magnetoencephalography

MRI Magnetic Resonance Imaging
MPRAGE  Magnetization Prepared Rapid Gradient Echo
NIBS Non-Invasive Brain Stimulation

PD Parkinson's Disease

PIGD Postural Instability and Gait Disorders
PLV Phase Locking Value

QSM Quantitative Susceptibility Mapping
RN Red Nucleus

ROI Region of Interest

rs-fMRI Resting-state Functional MRI

SC Structural Connectivity

SN Substantia Nigra

SRH Scheirer-Ray-Hare

STN Subthalamic Nucleus

SUIT Spatially Unbiased Infratentorial Template
SVM Support Vector Machine

SWI Susceptibility Weighted Imaging
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tACS
D
TE
TES
TR
TRN
VLa
VLp
a-Syn
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Transcranial Alternating Current Stimulation
Tremor Dominant

Echo Time

Transcranial Electrical Stimulation
Repetition Time

Thalamic Reticular Nucleus

Ventrolateral Anterior

Ventrolateral Posterior

Alpha-Synuclein
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