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“I have striven not to laugh at human actions, not to weep at them,
nor to hate them, but to understand them.”

— Baruch Spinoza



Summary

Deep brain stimulation (DBS) of the subthalamic nucleus (STN) provides effective symptom
relief for patients with advanced Parkinson's disease (PD). However, DBS programming
remains challenging: identifying optimal electrode contacts currently relies on time-
intensive monopolar reviews where neurologists systematically test all contacts through
trial-and-error. This process lacks objective biomarkers and depends heavily on clinical
expertise. Decades of research have characterized pathological oscillatory signatures in PD,
yet these neural biomarkers have remained largely confined to basic research without

informing clinical decision-making.

This thesis investigated whether electrophysiological recordings can predict therapeutic
outcomes and guide contact selection. I pursued three aims: first, curating a unique dataset
of simultaneous magnetoencephalography and local field potential recordings from twenty
PD patients, organized according to Brain Imaging Data Structure (BIDS) standards; second,
applying machine learning to this dataset to identify which neural signatures predict the
therapeutic window of individual electrode contacts; third, validating predictions in an
independent cohort of eight newly recruited patients.

Machine learning successfully predicted therapeutic windows based on neurophysiological
markers, achieving significant correlations in both the training cohort (r = 0.45, p < 0.001)
and independent validation cohort (r = 0.30, p < 0.001). Predictions relied mainly on high-
frequency subthalamic activity (>35 Hz) and STN-cortex coherence patterns across multiple
brain regions, rather than the widely studied beta oscillations. This dissociation likely
reflects different functional roles: beta power indicates disease severity, while high-
frequency signals and connectivity patterns better mark optimal electrode for stimulation.

This work establishes proof-of-concept that electrophysiological signatures contain
information about clinically relevant parameters, such as the optimal DBS contact. However,
important limitations must be acknowledged: magnetoencephalography (MEG) is not
widely available; the therapeutic window does not capture long-term quality of life; and
sample sizes were relatively small, though successful validation in an independent cohort
mitigates overfitting concerns. Critically, this thesis demonstrates feasibility rather than
clinical implementation. Whether electrophysiology-guided programming improves
outcomes compared to standard approaches would require prospective randomized trials.
Nonetheless, by demonstrating that prediction is possible, this work provides a foundation
for future translational efforts and contributes to evolving DBS therapy toward data-driven

precision medicine.
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1. Introduction

Parkinson's disease (PD) is the second most common neurodegenerative disorder worldwide,
affecting approximately 10 million people and representing one of the fastest-growing
neurological conditions (Dorsey et al., 2018; Bloem et al., 2021). PD affects quality of life
through motor and non-motor symptoms. (Postuma et al., 2015; Poewe et al., 2017; Kalia &
Lang, 2015; Moustafa et al., 2016). With the aging of the global population, the burden of
PD is expected to double by 2040, creating an urgent need for more effective therapeutic
strategies (Dorsey et al., 2018). While pharmacological treatments remain the mainstay of
PD management, their long-term efficacy is limited by motor fluctuations, dyskinesias, and
decreasing therapeutic windows as the disease worsens (Olanow et al., 2004; Poewe et al.,
2017). For patients whose symptoms can no longer be relieved by medication alone, deep
brain stimulation (DBS) has become the best therapeutic option, allowing a significant
reduction in motor symptoms and medication dose (Deuschl et al., 2006; Schuepbach et al.,
2013; Krack et al., 2019; Fasano & Lozano, 2015). DBS involves the surgical implantation
of electrodes into specific brain targets, such as the subthalamic nucleus (STN). The
electrodes deliver continuous high-frequency electrical stimulation to modulate abnormal
neural activity (Benabid et al., 2009; Lozano & Lipsman, 2013). Despite its efficacy,
optimization of DBS programming remains a challenging and time-consuming process that
relies heavily upon subjective clinical judgment (Volkmann et al., 2002; Moro et al., 2006).
The selection of optimal electrode contacts for therapeutic stimulation currently lacks
objective and data-driven approaches, representing a significant limitation in personalized
medicine for movement disorders. (Picillo et al., 2016; Dembek et al., 2017).

This thesis presents a comprehensive investigation of electrophysiological signatures in PD
and evaluates their potential for predicting therapeutic outcomes in DBS. These signatures
are of significant interest from both a basic research and a clinical perspective. From a
research standpoint, they provide unique insights into the dynamics of subcortico-cortical
networks (Hirschmann et al., 2011; Litvak et al., 2011). Clinically, these markers hold the
potential to inform objective electrode contact selection and guide the development of future
adaptive DBS paradigms. In my thesis, I followed a two-part approach: first, I curated a
large-scale dataset combining magnetoencephalography (MEG) with local field potential
(LFP) recordings from deep brain electrodes; and second, I applied machine learning
methods to this dataset to explore how these neural signals can be leveraged for the
automated identification of optimal stimulation contacts.

The following introduction establishes the scientific and clinical foundation for this thesis. I
begin by examining the pathophysiology of PD and current treatment challenges, which
provides the clinical context and unmet medical needs that motivate this research. I then
discuss DBS therapy as an established intervention while highlighting the specific
optimization challenges relevant to this work. Next, I explore electrophysiological recording
methods, focusing particularly on the unique advantages of combined MEG-LFP recordings
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for characterizing disease-related network dysfunction. I also review machine learning
applications in clinical neuroscience, showing how computational approaches can leverage
electrophysiological biomarkers for data-driven therapeutic decision-making. Finally, I
outline the specific aim and objectives that this thesis addresses, demonstrating how this
work contributes to advancing personalized medicine in movement disorders through the
integration of neurophysiological insights and predictive modelling.

1.1 Parkinson's Disease: Pathophysiology and Treatment

PD primarily manifests through characteristic motor symptoms: bradykinesia (slowness of
movement), resting tremor, rigidity, and postural instability which progressively worsen
over years as neurodegeneration advances (Moustafa et al., 2016, Postuma et al., 2015).
However, the clinical picture extends far beyond motor dysfunction. Patients experience a
wide spectrum of non-motor symptoms, including cognitive impairment, mood disorders,
sleep disturbances, autonomic dysfunction, and sensory abnormalities, which collectively
have profound impacts on quality of life (Chaudhuri et al., 2006). Many of these non-motor
features can emerge years or even decades before motor symptoms become apparent,

reflecting the widespread nature of pathological changes throughout the nervous system
(Berg et al., 2015).

The burden of PD is substantial and growing. Age represents the greatest risk factor, with
incidence rising steeply after 60 years and prevalence reaching approximately 1-2% among
individuals over 65 (Lau & Breteler, 2006; Poewe et al., 2017). Beyond demographic factors,
genetic predisposition also plays a role in the disease. Mutations in certain genes can directly
cause some forms of parkinsonism, while variations in many other genes make a person
more likely to develop the condition (Kalia & Lang, 2015; Bandres-Ciga et al., 2020).
Environmental factors, including pesticide exposure, head trauma, and lifestyle factors,
further modify disease risk through mechanisms that remain incompletely understood
(Ascherio & Schwarzschild, 2016).

The main motor symptoms of PD arise from the progressive degeneration of dopaminergic
neurons in the substantia nigra pars compacta (SNc), a midbrain structure that forms part of
the basal ganglia circuitry (DeLong & Wichmann, 2009; Xia & Mao, 2012). These neurons
project to the striatum (caudate nucleus and putamen), where they release dopamine: a
neurotransmitter essential for modulating motor function, motivation, and reward processing
(Bustos et al., 2004; Schultz, 2007). By the time motor symptoms emerge in PD, typically
60—-80% of these dopaminergic neurons have already been lost, and striatal dopamine content
is reduced by roughly 70-80% (Kish et al., 1988; Fearnley & Lees, 1991). This severe
depletion prior to symptom onset reflects a significant compensatory capacity within the
basal ganglia. However, it also means that by the time of clinical diagnosis, extensive and
irreversible damage has already occurred. Crucially, current pharmacological and surgical
interventions remain symptomatic rather than disease-modifying; while they effectively



manage motor symptoms, they do not reverse existing neuronal loss or halt the ongoing
neurodegenerative process.

The hallmark neuropathological feature of PD, beyond dopaminergic cell loss, is the
presence of Lewy bodies and Lewy neurites (intracellular protein inclusions found in
surviving neurons) (Spillantini et al., 1997; Goedert et al., 2013). These inclusions are
composed of aggregated a-synuclein, a presynaptic protein involved in the transport of
synaptic vesicles and the release of neurotransmitter (Burré et al., 2010). In pathological
conditions, a-synuclein misfolds and aggregates, forming insoluble fibrils that accumulate

within neurons.

The mechanisms driving dopaminergic neurodegeneration in PD are multifactorial and not
fully understood. Understanding these mechanisms remains a central goal of PD research,
as they represent potential targets for disease-modifying therapies that could slow or halt

neurodegeneration rather than merely treating symptoms.
1.1.1 Basal Ganglia Dysfunction

The loss of dopaminergic neurons disrupts the finely tuned communication within the basal
ganglia: a network of interconnected subcortical nuclei critical for motor control, action
selection, procedural learning, and motivated behaviour (Carvey et al., 2006; Lanciego et
al., 2012; Obeso et al., 2008). The basal ganglia comprise several major structures: the
striatum, which serves as the primary input structure receiving cortical projections; the
globus pallidus, divided into external (GPe) and internal (GP1) segments; the subthalamic
nucleus (STN); and the substantia nigra, divided into pars compacta (SNc, the dopaminergic
neurons) and pars reticulata (SNr, a major output structure). These nuclei are interconnected
through complex circuits that process cortical inputs and send modulated outputs back to
cortex via the thalamus, forming cortico-basal ganglia-thalamo-cortical loops (Alexander et
al., 1986; Middleton & Strick, 2000).

Under normal physiological conditions, the basal ganglia coordinate movements through the
dynamic interaction of three major pathways: the direct, indirect, and hyperdirect pathways
(Figure 1). These pathways operate in parallel to ensure the activation of intended actions
while inhibiting competing actions, enabling smooth and efficient motor control (Middleton
& Strick, 2000; Lanciego et al., 2012; Ikemoto et al., 2015). In the direct pathway, cortical
excitation of the striatum reduces the inhibition exerted by the GP1 and the SNr on the
thalamus, allowing increased thalamic stimulation of the motor cortex and facilitating
movement (Alexander & Crutcher, 1990; DelLong & Wichmann, 2009). The indirect
pathway, on the other hand, inforces thalamic inhibition via striatal suppression of the GPe,
which disinhibits the STN, thereby increasing excitation of the GPi/SNr and consequently
reducing cortical motor activity (Smith et al., 1998; Obeso et al., 2008; Purves et al., 2001).
The hyperdirect pathway provides an even faster inhibitory route: cortical projections
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directly activate the STN, leading to a rapid increase in GPi/SNr activity, and inhibiting
motor activity (Parent & Hazrati, 1995; Nambu et al., 2002; Rocha et al., 2023).
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Dopamine
GPe

s e ®

L]

L )

T \
— Excitatory synapse

GPi »>—— Inhibitory synapse
——— Direct pathway
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Figure 1. Schematic representation of the direct, indirect, and hyperdirect pathway. In the healthy state,
dopamine from the substantia nigra pars compacta modulates the direct (green arrows), indirect (red arrows)
and hyperdirect pathway (light blue arrows), resulting in a balanced thalamic output to the motor cortex. In
Parkinson's disease, the loss of dopaminergic neurons leads to overactivity in the indirect and the hyperdirect
pathway. This results in an excessive inhibition of the thalamus and subsequent motor symptoms like
bradykinesia and rigidity. Abbreviations: GPe (external globus pallidus), GPi (internal globus pallidus), SNc
(substantia nigra pars compacta), STN (subthalamic nucleus). I created this figure myself in
https://BioRender.com.

Dopamine, released from SNc terminals throughout the striatum, plays a crucial modulatory
role in balancing these pathways. Dopamine acts on two classes of receptors with opposing
effects: D1-like receptors, expressed primarily by direct pathway neurons, strengthen
excitation; D2-like receptors, expressed primarily by indirect pathway neurons, strengthen
inhibition (Gerfen & Surmeier, 2011). Thus, dopamine simultaneously strengthens the direct
pathway (promoting movement) and weakens the indirect pathway (reducing movement
suppression), creating a coordinated effect that enables smooth initiation and execution of
voluntary actions. This mechanism allows dopamine to act as a gain control signal,
modulating the relative strength of competing motor programs and enabling selection of
contextually appropriate actions while suppressing alternatives (Frank, 2005; Hikosaka et
al., 2000).



In PD, the degeneration of dopaminergic neurons in the SN¢ reduces the activation of the
direct pathway and over-activates the indirect and hyperdirect circuits, resulting in excessive
inhibition of thalamo-cortical projections, causing bradykinesia (Obeso et al., 2002;
Wichmann & DelLong, 1996).

1.1.2  Pharmacological Treatment

The main therapeutic approach to PD relies on dopamine replacement therapy, most often
through the administration of levodopa, a dopamine precursor (Poewe et al., 2017).
Levodopa remains the gold standard treatment for PD due to its high efficacy in improving
motor symptoms (Cotzias et al., 1969). Its mechanism of action is based on restoring
dopaminergic signalling in the depleted striatum, thus partially rebalancing the activity of
the direct and indirect pathways.

However, the long-term efficacy of levodopa is progressively compromised by the ongoing
degeneration of dopaminergic neurons and the decreased capacity of the brain to store and
release dopamine. This results in a reduced duration of benefit, higher motor fluctuations
and a “wearing-off” phenomena which corresponds to periods of worsening parkinsonian
symptoms as the effect of the drug fades (Rascol et al., 2000; Colosimo & Michele 1999).
Furthermore, the stimulation of dopamine receptors induced by intermittent levodopa
administration contributes to the development of levodopa-induced dyskinesia,
characterized by involuntary choreiform movements that can be as debilitating as the initial
parkinsonian symptoms (Obeso et al., 2000). Studies indicate that a decrease in treatment
efficacy occurs in approximately 50% of patients within 2 to 5 years of starting levodopa
therapy, with dyskinesia affecting up to 40% of patients within 4 to 6 years after treatment
start (Ahlskog & Muenter, 2001).

These drug-related complications, combined with the progressive nature of
neurodegeneration, pose a therapeutic challenge, where pharmacological interventions are
becoming increasingly insufficient to maintain adequate symptom control (Schuepbach et
al., 2013). The narrowing therapeutic window between effective symptom management and
intolerable side effects necessitates the use of alternative therapeutic approaches for patients
with advanced PD, for whom medication alone is no longer optimal.

1.1.3 Deep Brain Stimulation

DBS has emerged as one of the most effective surgical interventions for motor symptom
control (Benabid et al., 2009, Fasano & Lozano, 2015). Although PD affects nearly 10
million people worldwide (Jankovic, 2025), only about 300 000 patients have undergone
DBS to date (Martinez-Nunez et al., 2025). This disparity reflects both the highly selective
eligibility criteria for DBS and persistent barriers to access this treatment, including the

limited number of specialized neurosurgical centers, the variability in health insurance
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coverage, and patient reluctance toward invasive brain procedures (Bronstein et al., 2011;
Okun, 2012; Fenoy & Simpson, 2014).

DBS involves the surgical implantation of electrodes in specific nuclei of the basal ganglia
(Figure 2). These electrodes deliver high-frequency electrical stimulation (generally 130
Hz) via an implantable pulse generator (Volkmann et al., 2002). In Europe, the STN is the
preferred target for DBS in PD due to its central role in basal ganglia circuitry (Figure 1).

electrode

electrode wire

subthalamic V)
nucleus

/

Figure 2. Subthalamic nucleus deep brain stimulation. Schematic representation of STN-targeted DBS in

neurostimulator

Parkinson's disease. The left panel illustrates the implanted DBS system, comprising an electrode positioned
in the STN, connected by a subcutaneous extension to a neurostimulator implanted in the chest or abdomen.
This neurostimulator delivers high-frequency electrical pulses to modulate pathological neural activity within
the basal ganglia circuits. The right panel depicts a coronal section of the brain highlighting the anatomical
location of the subthalamic nucleus (green). I created this figure myself in https://BioRender.com.

STN-DBS yields robust and sustained therapeutic benefits. Meta-analyses reveal an
approximately 50% improvement in motor symptoms, as measured by the Unified
Parkinson's Disease Rating Scale (UPDRS-III) in the medication-off state, accompanied by
a reduction in medication requirements of up to 50% (Limousin et al., 1998; Deuschl et al.,
2006). Long-term follow-up studies, spanning more than 15 years, confirm long-lasting
efficacy, with maintained improvement in motor function and a sustained ability to reduce
dopaminergic medications (Castrioto et al., 2011; Krack et al., 2019). Furthermore, DBS
provides continuous symptom control throughout the day, ameliorating the motor
fluctuations associated with intermittent medication administration and significantly
improving the quality of life for appropriately selected patients (Schuepbach et al., 2013).

Despite its clinical success, the precise mechanisms by which DBS exerts its therapeutic
effects remain incompletely understood and likely involve multiple interacting processes.
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High-frequency stimulation of the STN is thought to disrupt pathological activity patterns,
replacing them with more desynchronized activity that facilitates motor control (Mclntyre
et al., 2004; Herrington et al., 2016; Neumann et al., 2023). Mechanistically, DBS may act
by: (i) suppressing hyperactive neuronal firing through sustained depolarization, (ii)
activating cortico-subthalamic axons upstream of the stimulation site, (iii) modulating
corticobasal and thalamocortical circuits downstream, and (iv) disrupting or entraining of
aberrant oscillatory activity (Chiken & Nambu, 2016; Lozano & Lipsman, 2013).

This multifaceted network-level modulation explains why DBS is not simply an inhibitory
lesion mimicry, but rather a dynamic neuromodulatory therapy capable of remodelling the

pathological activity of circuits.
1.1.4 DBS Programming

DBS represents a highly effective treatment modality but achieving optimal therapy requires
sophisticated programming, i.e., the systematic selection and adjustment of stimulation
parameters that maximize therapeutic benefit while minimizing adverse effects (Volkmann
et al., 2002). This programming process, also known as monopolar review, involves
determining the optimal combination of active electrode contacts, stimulation amplitude
(voltage or current), pulse width, and frequency for each individual patient. Modern DBS
systems, particularly those with directional leads, offer an exponentially expanding

parameter space with millions of possible stimulation configurations (Dembek et al., 2017).

Monopolar review is further complicated by the highly individualized nature of optimal
parameters, which depend on factors including electrode placement, patient anatomy and
disease progression (Moro et al., 2006). Together, these factors shape the patient-specific
therapeutic windows (Figure 3).

A

Side
effect

Therapeutic
effect

>

Therapeutic
window

Physiological effect

>
Stimulation Amplitude (V or mA)

Figure 3. Schematic representation of the clinical response to increasing stimulation amplitudes during
a monopolar review. The blue curve illustrates the therapeutic effect (e.g., tremor or rigidity suppression),



which increases with amplitude until saturation. The red curve indicates the emergence of side effects (e.g.,
dysarthria or dyskinesia) as the electrical field spreads to non-target structures. The therapeutic window (shaded
green area) is defined as the range of amplitudes between the inflection point of clinical benefit and the
inflection point for adverse events. A wider window allows for safer and more robust chronic stimulation.

Current clinical practice relies heavily on trial-and-error approaches guided by immediate
clinical assessment, making the process lengthy and highly dependent on the neurologist’s
expertise. Studies indicate that DBS programming requires multiple sessions spread over
several months, each lasting 1 to 2 hours, representing a significant burden on patients and
healthcare systems (Picillo et al., 2016). The complexity of achieving optimal programming
is underscored by the fact that 37% of DBS failures are due to an inappropriate choice of
parameters rather than surgical or hardware issues (Okun et al., 2005). This highlights the
critical importance of developing more efficient and objective approaches to optimize DBS
programming, particularly as technology evolves toward increasingly sophisticated
stimulation paradigms, such as directional stimulation and closed-loop adaptive systems
(Cole & Miocinovic, 2025).

Optimizing DBS therapy is therefore a major obstacle to accessing this highly effective
treatment for the millions of PD patients who could potentially benefit from neurosurgical
intervention. Addressing this optimization challenge through objective, data-driven
approaches represent a crucial step forward in the development of personalized medicine for

movement disorders.

1.2 Neural Signals to Guide DBS

The challenges of DBS programming described above motivate the search for more
objective, data-driven approaches that can guide contact selection and parameter
optimization. One promising avenue involves leveraging electrophysiological recordings to
identify neural signatures that predict therapeutic outcomes. At the cellular level, these
signals originate from neurons. They are highly specialized cells that generate electrical
activity through variations in membrane potential. They communicate via action potentials
that propagate along axons and transmit information across synapses to the dendrites of
target cells (Kandel et al., 2013). When recorded, these individual cellular events aggregate
into population-scale oscillatory patterns, reflecting the coordinated activity of the network
across different frequency bands (Figure 4), from slow delta waves (1-4 Hz) to fast gamma
oscillations (30-100 Hz) (Buzsaki, 2006). The strength and distribution of these oscillations
across different frequencies provide crucial insights into information processing, brain
function and dysfunction (Ward, 2003; Siegel et al., 2012; Schmidt et al., 2018). Based on
this physiological framework, the fundamental premise is straightforward: if pathological
neural activity patterns correlate with symptoms, and if DBS efficacy depends on modulating
these patterns, then measuring neural oscillations directly might reveal which electrode
contacts are optimally positioned to provide therapeutic benefit.
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Figure 4. Neural oscillations across frequency bands. Electrophysiological oscillations in the human brain
at different frequencies: delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (13-30 Hz), and gamma (>30 Hz).
I created this figure myself in Python.

This electrophysiology-guided approach to DBS programming has gained popularity over
the past decade, driven by several converging lines of evidence. First, extensive research has
established robust relationships between specific oscillatory patterns and motor symptoms
in PD, with beta band activity in the STN being particularly well characterized as a marker
of bradykinesia and rigidity (Brown et al., 2001; Kiihn et al., 2009). Second, studies have
demonstrated that the strength of these pathological oscillations varies spatially within and
around the STN, suggesting that electrode contacts positioned in regions with more
pronounced oscillatory abnormalities might be better stimulation targets (Zaidel et al., 2010;
Telkes et al., 2018). Third, pioneering work has shown that electrophysiological features
recorded during surgery or in the immediate postoperative period can indeed predict which
contacts will ultimately be selected for chronic stimulation (Telkes et al., 2016; Shah et al.,
2023; Binder et al., 2023).

Early attempts to use electrophysiology for contact selection focused primarily on beta
power as a single predictor. Strelow et al. (2022) showed that STN beta activity could
successfully predict clinical efficacy, defined as the absolute improvement in motor
symptoms at a fixed stimulation amplitude of 2 mA. While this provided important evidence
for the functional relevance of beta oscillations, it focused on a single point of high efficacy
rather than the therapeutic window. In contrast, the methodology employed in this thesis
evaluates symptoms in 0.5 mA increments to capture the full therapeutic range, moving
beyond binary success to a more nuanced prediction of clinical utility. Building on this
foundation, more recent studies have validated beta power as a marker for contact selection
in the context of directional leads. Fernandez-Garcia et al. (2022) compared beta power-
guided programming to traditional monopolar review in a clinical trial, demonstrating that
LFP-based selection could identify clinically effective contacts with comparable accuracy
to extensive clinical testing, while substantially reducing programming time. Similarly,
Binder et al. (2023) showed in a randomized controlled pilot study that LFP-guided
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programming achieved non-inferior clinical outcomes compared to standard approaches.
Finally, D’Onofrio et al. (2025) compared multiple beta-based contact selection strategies
with standard clinical programming and found that focusing on signals recorded between
two adjacent electrode contacts showed the strongest correlation with the results of a
monopolar review. Collectively, these studies establish that single-feature biomarkers like
beta power can effectively streamline DBS programming.

However, relying on beta power alone has important limitations. Beta oscillations are not
present in all patients, particularly in those with prominent tremor or in the immediate
postoperative period when a “stun effect” can temporarily suppress oscillatory activity (Chen
et al., 2006). Furthermore, beta power does not capture the full complexity of network
dysfunction in PD, which involves alterations across multiple frequency bands and disrupted
connectivity between cortical and subcortical structures (Little & Brown, 2014). These
observations have motivated the development of multivariate approaches that integrate

information from multiple electrophysiological features simultaneously.

Machine learning provides a natural framework for such multivariate prediction, as these
algorithms can identify nonlinear relationships between high-dimensional feature sets and
clinical outcomes. Recent studies have begun to exploit this potential. Shah et al. (2023)
combined multiple features (alpha, beta, gamma and high frequency oscillations) to predict
therapeutic windows from intraoperative recordings, achieving a better performance with
the features combined rather than beta activity alone. Averna et al. (2023) employed a
multivariate kernel density estimation of STN spectral features to identify distinct
neurophysiological phenotypes, demonstrating that contacts within certain clusters were
more likely to be selected for chronic stimulation. These studies suggest that integrating
diverse oscillatory features can provide more robust predictions than any single biomarker

in isolation.

Beyond local oscillatory power, network connectivity measures offer additional predictive
information. Functional connectivity patterns, particularly between the STN and cortex,
reflect the broader network dysfunction underlying PD and may indicate how effectively
stimulation at a given location can modulate pathological circuits (Litvak et al., 2011; van
Wijk et al., 2022). For instance, contacts positioned in regions with strong connectivity to
motor cortex in specific frequency bands might be better suited to normalize aberrant
cortico-subcortical communication patterns. Preliminary evidence supports this hypothesis:
Hirschmann et al. (2022) demonstrated that STN-cortex coherence patterns recorded in
resting state could predict clinical outcomes following DBS, with coherence in multiple
frequency bands contributing to prediction accuracy when combined through machine

learning models.

The concept of using electrophysiology to guide DBS extends beyond static contact selection
to continuous, adaptive parameter adjustment. Adaptive DBS systems monitor neural
activity in real time and adjust stimulation intensity based on fluctuations in pathological
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biomarkers, most commonly beta power (Little et al., 2013; Tinkhauser et al., 2017). Clinical
trials have demonstrated that adaptive DBS can provide symptom control comparable to or
better than conventional continuous stimulation while reducing overall stimulation exposure
and potentially extending battery life (Oehrn et al., 2024; Bronte-Stewart et al., 2025).
Recent work has expanded the set of control signals beyond beta to include gamma
oscillations and other frequency-specific markers that may better track different symptom
domains or medication states (Colombo et al., 2025; Olaru et al., 2025). While adaptive DBS
focuses on temporal optimization of stimulation parameters, the underlying principle that
neural oscillations provide actionable information about disease state and therapeutic need

is conceptually aligned with using electrophysiology for contact selection.

Despite this progress, a fundamental challenge has limited the development and validation
of electrophysiology-guided programming approaches: the scarcity of suitable data.
Simultaneous recordings of cortical and subcortical activity in humans are technically
demanding, requiring specialized equipment and expertise available in only a handful of
research centers worldwide. In this work, I used simultaneous MEG and subthalamic
recordings from externalized DBS electrodes. This setup is expensive, requires a
magnetically shielded room, and necessitates close collaboration between neurology,

neurosurgery, and neuroimaging departments.

The opportunity for combined MEG-LFP recordings exists only within a narrow
perioperative window, typically occurring in centers that employ a two-stage surgical
approach. In this workflow, the DBS electrodes are implanted during an initial surgery, but
the subcutaneous pulse generator is not placed until few days later. During this interval, the
electrodes are temporarily externalized using non-ferromagnetic extension cables. These
cables allow the leads to be connected to external amplifiers while remaining compatible
with the sensitive magnetic environment of the MEG. This configuration provides a unique,
though brief (typically one day), opportunity to record direct subcortical activity
simultaneously with whole-brain cortical dynamics. Once the second surgery is completed
and the pulse generator is implanted, this window closes.

Due to the logistical complexity and the restrictive timeframe of this perioperative period,
datasets containing such recordings remain very rare. This scarcity often results in relatively
small study cohorts (Litvak et al., 2011; Hirschmann et al., 2011; Oswal et al., 2016), which
can limit the generalizability of findings. Consequently, the need for robust, data-efficient
computational models becomes crucial for making the most of these limited datasets.

Open science initiatives offer a potential solution to this data scarcity problem. By making
well-curated electrophysiological datasets publicly available, research groups with access to
these rare recording setups can enable researchers worldwide to develop and test analytical
methods, train machine learning models, and validate hypotheses without requiring their
own MEG-LFP infrastructure. This democratization of access to specialized data accelerates

scientific progress by allowing computational neuroscientists, data scientists, and clinicians
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to contribute to the field regardless of whether they work in centers equipped for such
recordings (Poldrack & Gorgolewski, 2014; Wilkinson et al., 2016). Public data sharing also
enhances reproducibility and transparency, as independent researchers can verify published
findings and explore alternative analytical approaches using the same datasets (Nichols et
al., 2017).

However, for data sharing to fulfil its potential, datasets must be more than simply available;
they must be well-organized, comprehensively documented, and structured according to
community standards that facilitate reuse. Raw data files without metadata, preprocessing
scripts, or clear documentation of experimental protocols are of limited utility to researchers
unfamiliar with the specific recording setup or analysis pipeline. This creates a critical gap:
although the need for shareable electrophysiological data is clear, and that some research
groups possess such data, the effort required to curate, standardize, and document datasets
for public dissemination is substantial and often undervalued in traditional academic metrics.
Further, there is a critical need to respect data privacy and the regulations for personal health
data.

Against this background, the present thesis addresses both the scientific question of whether
electrophysiological signatures can predict DBS outcomes and the practical challenge of
making such investigations accessible to the broader research community. A core component
of this work was the development of a searchable database that integrates patient metadata
with recording parameters, providing a streamlined interface for identifying and extracting
specific data subsets. This database is already actively utilized by researchers to facilitate
cross-study comparisons and longitudinal analyses. By systematically curating this unique
dataset of simultaneous MEG and LFP recordings, applying machine learning methods to
predict therapeutic windows from multivariate electrophysiological features, and validating
these predictions in an independent cohort, this work contributes both to the methodological
infrastructure of the field and to our understanding of how neural oscillations can inform

clinical decision-making in DBS programming.
1.2.1 Neural Signal Acquisition: from Cortical to Subcortical Recordings

Measuring neural oscillations in humans requires sophisticated recording techniques capable
of capturing electrical activity at various spatial scales, from individual neurons to entire
brain networks. Different recording modalities offer distinct advantages for interrogating
neural dynamics, each with characteristic strengths that make them suited to specific
research questions. For studying movement disorders like PD, understanding both cortical
and subcortical network activity is essential, as the pathophysiology involves dysfunction
across distributed cortico-basal ganglia circuits. This section describes the two
complementary electrophysiological approaches that, when combined, enable
comprehensive characterization of these networks: MEG for cortical recordings and LFP for
subcortical measurements.
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Magnetoencephalography

MEG detects the magnetic fields generated by synchronized postsynaptic currents in cortical
neurons (Singh, 2014; Baillet, 2017). When large populations of pyramidal neurons are
activated synchronously, their intracellular currents sum to produce magnetic fields
measurable outside the skull. Modern MEG systems employ arrays of highly sensitive
superconducting quantum interference devices (SQUIDs) to detect these magnetic fields,
which are typically on the order of tens to hundreds of femtoteslas. To achieve this
sensitivity, MEG recordings are conducted in magnetically shielded rooms that attenuate
environmental noise from power lines, vehicles, and other sources of magnetic interference
(Figure 5).
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Figure 5. Magnetoencephalography. A) 306-channel MEG system (MEGIN) used for the non-invasive
recording of cortical magnetic fields. The patient is seated in an upright position within a magnetically shielded

room suppressing environmental noise. B) Representative raw MEG traces from a subset of sensors.

The primary strength of MEG lies in its combination of excellent temporal resolution and
good spatial resolution for cortical sources. With sampling rates typically ranging from 1000
to 2000 Hz, MEG can capture neural dynamics at millisecond precision, enabling the study
of rapid oscillatory fluctuations and transient network interactions that characterize motor
control and cognition (Gross, 2019; Schoffelen & Gross, 2009). Spatial resolution typically
ranges from several millimeters to a few centimeters depending on source depth, signal-to-
noise ratio, and the sophistication of source reconstruction algorithms employed (Hillebrand
& Barnes, 2002; Baillet et al., 2001). MEG's sensitivity to tangentially oriented dipoles, such
as those produced by neurons in the cortical sulci, makes it particularly well-suited for
detecting activity from motor cortex, which lies primarily within the central sulcus
(Hadmalainen et al., 1993, Hillebrand & Barnes, 2002).

While MEG is often described as a cortical imaging technique, its sensitivity extends beyond
purely cortical structures. Indeed, MEG can detect activity from cerebellar cortex and certain
thalamic nuclei (Dalal et al., 2009). These subcortical structures can generate measurable
magnetic fields when large populations of neurons are synchronously active, though the
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signal-to-noise ratio is generally lower than for cortical sources. The feasibility of detecting
such deeper sources depends critically on source strength, orientation, and the ability to

average across a sufficient number of repetitions to reduce noise.

Understanding MEG's capabilities and limitations requires consideration of both the forward
and inverse problems of electromagnetic source imaging. The forward problem involves
calculating the electromagnetic fields at sensor locations given a known configuration of
neural sources. It essentially models how activity at specific brain locations would manifest
in the sensor array. This forward modelling can be solved accurately using physics-based
models that account for sensor geometry, head anatomy, tissues conductivities and the laws
of electromagnetic propagation (Sarvas, 1987; Héméldinen et al., 1993). Common
approaches include boundary element methods and finite element methods, which differ in

their treatment of tissue boundaries and conductivity variations.

The inverse problem involves determining source configurations from measured sensor data
and is considerably more challenging. This problem is mathematically ill-posed: an infinite
number of source configurations could theoretically produce the same sensor measurements
(Kirsch, 1988). To obtain unique solutions, inverse methods must incorporate additional
constraints or assumptions about source properties, such as smoothness, sparsity, or spatial
extent. Various algorithms have been developed to address this inverse problem, including
minimum norm estimation, which finds the source distribution with minimal overall energy;
beamforming, which constructs spatial filters to isolate activity from specific locations; and
Bayesian approaches, which incorporate prior knowledge about likely source configurations
(Van Veen et al., 1997; Baillet et al., 2001; Wipf & Nagarajan, 2009).

For deep brain structures like the subthalamic nucleus, the inverse problem becomes
particularly challenging. Magnetic fields attenuate rapidly with distance from their source,
meaning that deep structures produce progressively weaker signals at the sensors (Cohen,
2014; Nunez & Srinivasan, 2006). Additionally, volume conduction effects cause electrical
currents to spread through the conductive brain tissue, blurring the spatial signature of deep
sources and reducing the specificity with which source reconstruction algorithms can
localize them (Schoffelen & Gross, 2009; Bastos & Schoffelen, 2016). While advanced
source reconstruction methods can partially mitigate these limitations, the spatial resolution
of MEG source localization degrades substantially with depth, making direct detection of
STN activity challenging even with sophisticated algorithms (Hillebrand & Barnes, 2002;
Brookes et al., 2008).

Local Field Potentials from Deep Brain Stimulation Electrodes

LFP recordings from DBS electrodes provide direct access to subcortical structures that are
difficult to measure non-invasively. When electrodes are implanted for therapeutic DBS,
they pass through brain tissue and terminate within the target nucleus. During the
perioperative period between electrode implantation and pulse generator placement, these
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electrodes can be temporarily externalized, meaning they are connected via extension cables
to amplifiers. This configuration enables direct measurement of electrical activity within and
around the target structure.

LFPs capture the summed synaptic activity of neural populations within a limited spatial
extent around each electrode contact. The spatial reach of LFP recordings is determined by
the biophysics of extracellular current flow: synaptic potentials generate local current
sources that decrease in amplitude with distance from the generating neurons. Empirical and
modelling studies suggest that LFPs primarily reflect activity within approximately 250 to
400 micrometers of the recording contact, though the exact spatial extent depends on the size
and synchrony of the active neural population (Buzsaki et al., 2012; Einevoll et al., 2013;
Pesaran et al., 2018). This highly localized recording provides a window into the intrinsic
oscillatory dynamics of subcortical nuclei, revealing pathological activity patterns that
would be difficult or impossible to detect with non-invasive methods (Miller et al., 2007).

However, this spatial specificity comes with an inherent limitation: LFPs provide only a
restricted view of brain activity, limited to the immediate vicinity of the implanted electrodes
(Figure 6). Standard DBS electrodes have four to eight contacts spaced 0.5 to 1.5 millimeters
apart, providing sampling of a narrow cylinder of tissue. This configuration cannot assess
activity across the broader cortical networks that interact with subcortical structures, nor can
it characterize how these interactions are organized across the cortical surface (Kramer et
al., 2008; Friston et al., 2015; Herreras, 2016). Additionally, LFP signals can be
contaminated by reference electrode artifacts, volume conduction from distant sources, and

stimulation artifacts when stimulation and recording occur simultaneously.

Figure 6. Local field potential (LFP) recordings. A) Schematic representation of a deep brain stimulation
electrode implanted in the subthalamic nucleus (STN). During the perioperative interval, externalized
electrodes allow for the direct recording of intracranial activity before the pulse generator is implanted. B)
Representative LFP traces obtained from the STN.

Complementary Strengths of Combined MEG-LFP Recordings

The complementary nature of MEG and LFP recordings motivates their combined use: MEG
provides whole-head cortical coverage but limited access to deep structures, while LFPs
offer direct subcortical measurements but restricted spatial sampling. By recording both
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modalities simultaneously, researchers can overcome the limitations inherent in each
technique. MEG-LFP recordings capture cortical dynamics with good spatial and temporal
resolution while simultaneously providing measurements of subcortical activity at the
electrode locations. This dual-recording paradigm enables investigation of cortico-
subcortical communication patterns that neither method could characterize in isolation
(Hirschmann et al., 2011; Litvak et al., 2011; van Wijk et al., 2016).

Practically, combining MEG and LFP enables several specific analyses that leverage the
strengths of both modalities. First, the direct STN measurements can serve as a reference
point for validating MEG source reconstruction attempts to localize deep brain activity,
helping to assess the accuracy and limitations of such reconstructions (Litvak & Friston,
2008; Oswal et al., 2016). Second, connectivity analysis between LFP and source-
reconstructed MEG signals quantifies functional connectivity between specific subcortical
locations and distributed cortical networks, revealing frequency-specific coupling patterns
across cortico-basal ganglia circuits (Hirschmann et al., 2011; Litvak et al., 2011). Third,
simultaneous recordings allow investigation of how therapeutic interventions, such as
dopaminergic medication or DBS, modulate both local subcortical oscillations and their
coupling to cortical activity, providing insights into network-level mechanisms of
therapeutic action (Oswal et al., 2016; Abbasi et al., 2018).

Despite the scientific value of combined MEG-LFP recordings, such datasets remain scarce.
The technical requirements mean that only a handful of research centers worldwide can
routinely acquire these data (Hirschmann et al., 2011; Litvak et al., 2011; van Wijk et al.,
2016; Oswal et al., 2016). The resulting dataset published in Study 1 (Rassoulou et al., 2024),
contains cortical and subcortical signals and constitute the foundation for study 2 to develop
predictive model for therapeutic windows.

1.2.2  Electrophysiological Biomarkers in Parkinson's Disease

The electrophysiological signatures captured by combined cortico-subcortical recordings
have revealed a complex landscape of oscillatory biomarkers correlated with specific motor
symptoms and therapeutic responses (Hirschmann et al., 2011; Hirschmann et al., 2013;
Neumann et al., 2016). Understanding these neural signatures first requires grasping how
oscillatory activity is quantified and interpreted within the context of brain function and
dysfunction.

Neural oscillations represent rhythmic fluctuations in the electrical activity of neural
populations, arising from the synchronized firing patterns of thousands, or even millions, of
interconnected neurons. These oscillations constitute a fundamental mechanism for
coordinating the flow of information across brain networks, with different frequencies
underlying distinct computational functions (Mathalon & Sohal, 2015; Bonnefond et al.,
2017; Wang, 2010). Power spectral analysis quantifies these oscillatory patterns by
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decomposing complex neural signals into their constituent frequency components (Welch,
1967). Power spectral density measures the distribution of signal power across frequencies,
revealing the amount of energy contained in the neural signal at each frequency. This
transformation from the time domain to the frequency domain provides a quantitative
assessment of oscillatory intensity that can be compared across different conditions, patients,
and time points. In movement disorders, this frequency-domain representation is particularly
valuable because specific oscillatory patterns correlate with distinct symptoms and
therapeutic responses, offering objective biomarkers of disease severity and treatment

efficacy.
Beta Oscillations: The Primary Biomarker

Beta oscillations (13—30 Hz) are the most well-established electrophysiological biomarker
in PD. In a healthy brain, beta activity plays a crucial role in maintaining the current motor
state and preventing unwanted movements. However, in PD, excessive beta power in the
STN creates a pathologically stable state that impairs the initiation and execution of
movements (Oswal et al., 2021). This abnormal beta synchronization is strongly correlated
with motor symptoms such as bradykinesia and rigidity (Brown et al., 2001; Kiihn et al.,
2009; Neumann et al., 2016).

Recent advances have revealed that beta activity does not occur as continuous oscillations,
but rather as transient bursts: brief episodes of high-amplitude activity typically lasting 100
to 300 milliseconds (Tinkhauser et al., 2017). In a healthy motor system, these beta bursts
are short and infrequent, allowing for a smooth transition between motor states. In PD, beta
bursts lengthen and become more frequent, leading to a pathological stabilization of the
motor network (Pauls et al., 2022). The duration and amplitude of these bursts are more
specific markers of motor impairment than average beta power, with longer bursts being
particularly associated with more severe bradykinesia (Torrecillos et al., 2018; Feingold et
al., 2015).

The therapeutic value of beta oscillations is highlighted by their response to treatment.
Dopaminergic drugs and DBS effectively suppress excessive beta synchronization, with the
degree of reduction in beta oscillations being closely correlated with symptom improvement
(Kiihn et al., 2004; Ray et al., 2008; Weinberger et al., 2006). Adaptive DBS systems that
selectively target prolonged beta bursts can fragment them into shorter bursts that resemble
more physiological patterns. This demonstrates that restoring normal beta dynamics rather
than simply suppressing all beta activity is the basis of therapeutic efficacy (Tinkhauser et
al., 2017).

Network Connectivity and Coherence

PD is fundamentally a network disorder affecting distributed corticobasal circuits rather than
isolated brain regions. Therefore, quantifying connectivity between brain areas provides
crucial information beyond local oscillatory power. Coherence, which measures the
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consistency of phase relationships between oscillations in different brain areas, is a key
indicator of functional connectivity (Bastos & Schoffelen, 2016). High coherence indicates
that two regions maintain a stable phase relationship over time, suggesting functional

coupling and information exchange.

In PD, pathological beta coherence appears both within basal ganglia structures and between
the STN and the motor cortex (Hirschmann et al., 2013; Litvak et al., 2011; Oswal et al.
2013; Rassoulou et al., 2025). One widely discussed hypothesis is that these signals index a
hyper-synchronized network state that restricts the flexible motor control necessary for
smooth movement execution (Brown, 2003). According to this model, exaggerated cortico-
subcortical beta coherence may lock the motor system into rigid patterns, potentially
hindering the dynamic reorganization required for movement initiation and adaptation.
However, the interpretation of these oscillatory peaks remains a subject of ongoing
investigation. Recent evidence has identified similar beta coherence peaks in patients with
obsessive-compulsive disorder who do not exhibit motor impairments (Winkler et al., 2026).
This suggests that such connectivity might represent a physiological feature of subcortico-
cortical communication that becomes pathologically amplified or altered in PD, rather than

being a purely pathological marker.

Furthermore, while both levodopa and DBS have been shown to modulate these network
synchronization patterns, the direct relationship between these changes and clinical
outcomes is complex. Although these treatments often reduce excessive beta coherence, a
consistent correlation between the magnitude of coherence reduction and the degree of motor
symptom improvement has not been firmly established (Van Wijk et al., 2017). This
suggests that while restoring flexible network dynamics may be an important component of
therapy, the therapeutic efficacy of DBS likely involves a more nuanced modulation of

aberrant communication patterns between brain regions (Neumann et al., 2023).
Beyond Beta: Multi-Frequency Biomarkers

Although beta oscillations are one of the most prominent markers in the pathophysiology of
PD, the disease affects neural dynamics across the entire frequency spectrum. Each
frequency band provides distinct biomarkers for different symptomatic domains, thus
allowing for a comprehensive picture of the heterogeneous manifestations of PD.

Alpha oscillations (8—12 Hz) have emerged as promising electrophysiological biomarkers
for PD. Recent studies using electroencephalography (EEG) or MEG have demonstrated that
individuals with PD often exhibit altered alpha oscillatory activity compared to healthy
controls, including changes in alpha power, peak frequency, and power asymmetry across
brain regions (Rocha et al. 2025; Zhao et al. 2025; Ambrosanio et al. 2025; Norouzi et al.
2025). For example, reduced parietal alpha asymmetry and region-specific decreases in
alpha power have been linked to motor symptoms such as tremor, gait disturbances, and
freezing, as well as to cognitive deficits in attention and orientation (Rocha et al. 2025; Zhao
et al. 2025). Meta-analytic evidence further supports that PD patients tend to show higher
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alpha power and slower alpha peak frequency, with these alterations correlating with non-
motor symptoms, particularly cognitive decline (Norouzi et al. 2025; Ye et al., 2022).
Additionally, novel measures such as alpha band nonlinearity have shown potential for
distinguishing PD patients from healthy individuals, even in early disease stages (Ozkurt,
2024). Collectively, these findings highlight the utility of alpha oscillations as an accessible

biomarker for the diagnosis and monitoring of PD progression.

Gamma oscillations (> 35 Hz) are key markers of hyperkinetic symptoms, including
levodopa-induced dyskinesias. In the dopamine-depleted state, gamma activity is often
suppressed (Guerra et al., 2020). However, under dopaminergic treatment, gamma power
can become excessive, particularly in the 60-90 Hz range (Cassidy et al., 2002; Cheyne et
al., 2008; Lofredi et al., 2018). This increase in gamma activity is directly correlated with
the severity of involuntary movements and results primarily from dopaminergic
overstimulation (Litvak et al., 2012; Swann et al., 2016; Wiest et al., 2021). Recent work has
improved the distinction between narrowband gamma oscillations associated to voluntary
movement and broader gamma activity, the latter providing a potential feedback signal for
closed-loop modulation to facilitate movement (Colombo et al., 2025; Olaru et al., 2025;
Oehrn et al., 2024).

Theta oscillations and tremor frequency oscillations (4—8 Hz) are direct electrophysiological
correlates of resting tremor in PD (Hirschmann et al., 2013). These oscillations create
coherent activity linking the STN, motor cortex, cerebellum, and peripheral muscles within
a pathological oscillatory loop (Steina et al., 2025). The frequency of these oscillations
corresponds to the clinical tremor frequency, generally around 4-6 Hz, and their amplitude
is correlated with tremor severity (Hirschmann et al., 2013; Muthuraman et al., 2012).
Recent studies have shown that tremor-related oscillations can be distinguished from
voluntary movements (Todorov et al., 2024) and selectively targeted for suppression while
preserving physiological motor control signals (Schreglmann et al., 2021).

High-frequency oscillations (200400 Hz) are a recently discovered biomarker with
emerging clinical relevance. These very fast oscillations show promise for differentiating
movement phases and predicting therapeutic responses. Although their precise relationship
to specific symptoms remains under investigation, converging evidence suggest that they
may reflect the activity of small neural populations and serve as markers for identifying
symptom severity (Ozkurt et al., 2011; Wang et al., 2014; Hirschmann et al., 2016) and even
guide optimal placement of stimulation electrodes in epilepsy (Cimbalnik et al., 2016; Kanai
et al., 2025).

This multi-frequency perspective underscores that the pathophysiology of PD involves
complex alterations across the entire oscillatory spectrum. Different frequency bands reflect
distinct symptomatic domains and provide complementary information for a comprehensive
characterization of the disease. Understanding these specific frequency signatures is crucial
for developing personalized therapeutic approaches capable of targeting the heterogeneous
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manifestations of PD in each patient. The integration of biomarkers across multiple
frequencies provides a more complete picture of disease state and response to treatment than
single oscillatory marker taken in isolation, paving the way for multi-dimensional
approaches to the optimization of DBS programming and adaptive therapy.

1.3 Machine Learning

The integration of multimodal electrophysiological signals with advanced analytical
approaches represents a fundamental shift, moving from descriptive neuroscience to data-
driven predictive medicine. This transformation relies on machine learning, a branch of
artificial intelligence that enables computers to discover patterns in data and make
predictions without explicit programming (Bishop, 2006; Mitchell, 2013; Russell & Norvig,
2016). Essentially, machine learning addresses the challenge of extracting relevant
information from complex multidimensional datasets. It is thus particularly well-suited to
analyzing the rich electrophysiological signatures captured by combined MEG-LFP

recordings.

Machine learning has revolutionized modern medicine by enabling computers to learn from
medical data and improve clinical decision-making (Deo, 2015; Rajkomar et al., 2019). The
exponential growth of health data from electronic health records, high-resolution medical
imaging and continuous physiological monitoring, has created unprecedented opportunities
for computational approaches capable of identifying subtle patterns imperceptible to human
observation. In clinical neuroscience, machine learning algorithms have demonstrated
remarkable effectiveness in predicting disease progression, optimizing treatment strategies,
and discovering new biomarkers (Vieira et al., 2017; Glaser et al., 2019; Esteva et al., 2017).
These applications demonstrate how computational approaches can enhance clinical
expertise by providing objective, data-driven recommendations

A key advantage of machine learning is that it does not require explicit mathematical
modelling of the underlying biological processes. Instead, algorithms learn statistical
relationships directly from data, making them applicable even when mechanisms are
incompletely understood. This learning process does not involve deriving first-principles
equations or mechanistic models; instead, it relies on statistical pattern recognition. This
data-driven approach is particularly valuable in medicine which has a lot of biological
complexity.

Machine learning encompasses various paradigms, each suited to different types of
problems. Supervised learning, the approach most relevant to this thesis, learns mappings
between input features and target variables of interest by analysing labelled training datasets
(Bishop, 2006; Hastie et al., 2009). For example, given electrophysiological recordings
paired with therapeutic windows from past patients, supervised algorithms can learn to
predict outcomes for new patients based on their neural signatures.
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Unsupervised learning, in contrast, discovers hidden structure in unlabelled data, such as
identifying patient subgroups with distinct disease phenotypes (Hastie et al., 2009).
Reinforcement learning optimizes sequential decisions by learning from action
consequences, with emerging applications in adaptive therapy and personalized treatment
planning (Obermeyer & Emanuel, 2016; Sutton & Barto, 2018). In the context of DBS
programming, supervised learning is particularly valuable because clinical outcomes from
monopolar reviews provide the labelled training data needed to learn relationships between

electrophysiological features and therapeutic windows.
1.3.1 Neural Encoding and Decoding

Neural encoding and decoding provide a conceptual framework for understanding how
machine learning can be applied to electrophysiological data. Encoding describes how
external stimuli, behavioural states, or clinical conditions are systematically represented by
patterns of neural activity within distributed brain circuits (Dayan & Abbott, 2001; Paninski
et al., 2007). This representation emerges from the intrinsic properties and connectivity of
neural circuits and occurs automatically because of brain function. Importantly, encoding
happens whether we understand the underlying principles: a visual stimulus evokes specific
patterns of activity in visual cortex regardless of whether neuroscientists have characterized
those patterns. Understanding encoding principles can provide insights into brain function,
but such understanding is not required for encoding to occur (Quian Quiroga & Panzeri,
2009).

Neural decoding, conversely, refers to the process of inferring information from neural
activity patterns (Kriegeskorte & Douglas, 2019; Naselaris et al., 2011). Given recorded
neural signals, decoding attempts to determine what stimulus was presented, what movement
was intended, or what cognitive state the subject is experiencing. Critically, successful
decoding does not require knowing how information is encoded, it only requires finding
statistical relationships between neural patterns and the variables of interest (Holdgraf et al.,
2017). For example, one can decode intended arm movements from motor cortical activity
to control a prosthetic limb without understanding precisely how the brain encodes
movement parameters. This separation between encoding (how the brain represents
information) and decoding (how we extract information from brain signals) is crucial:
machine learning excels at decoding even when encoding mechanisms remain poorly

understood.

As mentioned in the previous chapter about electrophysiological biomarkers in PD, there are
characteristic neural signatures that are correlated with symptom severity and therapeutic
response. From these neural patterns, we can decode pathological states. For instance, the
severity of bradykinesia, the presence of tremor, or whether a patient is ON or OFF
medication. These are states that are reflected in neural activity. What we cannot directly
decode are optimal treatment parameters themselves, because parameters like stimulation
amplitude or contact selection are not encoded in brain activity, they are external
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interventions we apply. Instead, we focus on decoding neural markers that correlate with
therapeutic efficacy. If specific neural signatures can predict which contacts will provide the
widest therapeutic windows, they become primary tools for guiding electrode selection. The
underlying logic follows a precise chain: pathological states are reflected in localized neural
activity; electrodes positioned to best modulate these specific patterns are more effective;
and therefore, these neural signatures can be utilized to predict optimal contact
configurations and clinical outcomes (Hirschmann et al., 2022; Merk et al., 2022; Shah et
al., 2023; Oliveira et al., 2023).

Practically implementing neural decoding for clinical applications involves two distinct
steps: feature extraction and statistical decoding. Feature extraction transforms raw neural
signals to create a balance between exhaustiveness (e.g., capturing all potentially relevant
neural signatures) and parsimony (e.g., avoiding overfitting to noise in small training
datasets) (Guyon & Elisseeff, 2003). Decoding, the subsequent step, uses these features to
predict outcomes of interest using machine learning algorithms. The quality of features
constrains what can be learned because poor features will yield poor predictions regardless
of algorithm sophistication. Feature extraction and decoding serve fundamentally different
purposes and should be recognized as separate stages of the analytical pipeline (Glaser et al.,
2020).

Modern decoding approaches developed for DBS have leveraged the full richness of
simultaneously recorded cortical and subcortical signals, moving beyond single-channel
analysis to characterize network-wide activity profiles (Merk et al., 2025). This multi-
regional decoding allows us to grasp the distributed nature of PD pathophysiology,
recognizing that therapeutic benefit depends not only on local STN activity, but also on how
stimulation modulates the broader corticobasal network (Hirschmann et al., 2011; Litvak et
al., 2011; Neumann et al., 2023). Recent advances in population-scale decoding have also
demonstrated that profiles distributed across multiple recording sites and frequency bands
can provide more robust predictions than any single characteristic taken in isolation
(Pandarinath et al., 2018; Glaser et al., 2020).

Machine learning algorithms can identify complex, nonlinear relationships between these
distributed features and clinical outcomes, potentially capturing predictive patterns that
would be difficult to specify through expert knowledge alone (Pandarinath et al., 2018).
However, the value of these approaches depends critically on generalization: models must
perform well on new patients not included in training data, requiring careful validation and
attention to overfitting risks, particularly given the limited sample sizes typical of invasive
electrophysiology studies.
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1.3.2  Supervised Machine Learning in Clinical Neuroscience

The supervised learning workflow involves several key stages. It begins with feature
engineering, a critical process that transforms raw, high-dimensional electrophysiological
recordings into compact, informative representations (Domingos, 2012). By extracting
specific biomarkers, feature engineering defines what features the model will use to interpret
brain states. Consequently, the quality of these features fundamentally constrains the patterns

the algorithm can learn, making this stage a primary determinant of model success.

Second, model selection involves choosing an algorithmic approach suited to the problem.
Different families of models rely on different assumptions about the structure of this
association, each with distinct advantages and limitations. Linear models (e.g., logistic
regression) assume that outcomes depend on weighted combinations of features, thus
offering robustness and clear interpretability but potentially failing to capture complex, non-
linear biological interactions (Bishop, 2006). Conversely, tree-based methods (e.g., random
forests) recursively partition the space of explanatory variables to identify localized decision
rules. These non-linear approaches can naturally model complex interactions between neural

signatures, though often at the cost of reduced transparency (Breiman, 2001; Friedman,
2001).

Once a model is selected, training the model optimizes its internal parameters to minimize
prediction errors. A fundamental challenge in this phase is overfitting, where an algorithm
memorizes the specific characteristics of the training data instead of learning generalizable
biological patterns (Hastie et al., 2009). This problem is particularly relevant in clinical
neuroscience, where patient cohorts are often small. To detect overfitting, validation
strategies are essential: the model's performance on held-out data (examples not used during
training) provides an estimate of how well it will generalize to new patients (Stone, 1974).
Cross-validation, where data are repeatedly partitioned into training and test sets, offers a
systematic approach to assessing generalization and selecting hyperparameters (Willmott &
Matsuura, 2005).

This supervised framework has already demonstrated remarkable success in clinical
neuroscience. In brain-computer interfaces, decoding algorithms translate cortical activity
into control signals, enabling paralyzed patients to control prostheses with thought alone
(Lebedev & Nicolelis, 2006; Hochberg et al., 2006). Similarly, seizure prediction systems
use these methods to identify pre-seizure states from EEG, thus facilitating preventive
interventions (Mormann et al., 2007; Kuhlmann et al., 2018). Voice prostheses decode
intentional speech from intracranial recordings, offering the prospect of restoring
communication in patients with severe speech disorders (Anumanchipalli et al., 2019;
Chartier et al., 2018). Applying these same principles to DBS contact selection represents a
promising avenue for improving standard care. By learning the multivariate relationships

between MEG-LFP characteristics and therapeutic outcomes, supervised algorithms can
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potentially identify optimal electrode contacts and stimulation parameters more effectively
than traditional trial-and-error monopolar reviews (Shah et al., 2023; Merk et al., 2022;
Picillo et al., 2016).

1.4 Aims of Thesis

The primary aim of this thesis was to demonstrate the feasibility of predicting the therapeutic
window of DBS electrode contacts using electrophysiological signatures; specifically, STN-
power and STN-cortex coherence across multiple frequency bands. While decades of
research have characterized the oscillatory signatures of PD pathophysiology, these
signatures have been remained largely confined to scientific research, without guiding
clinical decision-making. Demonstrating such predictive capability could improve DBS
programming by enabling data-driven contact selection based on neural oscillation patterns,
potentially reducing the time-intensive monopolar review process required for each patient.

To achieve this primary aim, three specific interdependent objectives were pursued:
1) Dataset curation and open science contribution

When [ began this work, simultaneous MEG and LFP recordings from PD patients existed
but had not been organized in a format suitable for systematic machine learning analysis.
Therefore, the first objective was to curate these unique data into a structured, searchable
database following the Brain Imaging Data Structure (BIDS) standard, along with
comprehensive metadata, preprocessing pipelines, and documentation. These recordings
cover resting state and motor tasks across medication states. By making this dataset publicly
available on OpenNeuro, Study 1 (Rassoulou et al., 2024) addresses the scarcity of such
recordings and enables broader scientific community to explore subcortico-cortical network

dynamics in PD.
2) Identifying predictive electrophysiological signatures

Using the curated dataset, I continued by investigating whether and which
electrophysiological features can predict the therapeutic window of individual electrode
contacts. I applied extreme gradient boosting combined with feature selection to identify
oscillatory signatures most informative about therapeutic windows. The goal was not only
to demonstrate the feasibility of such predictions but also to characterize which specific
neural patterns (frequency bands and brain regions) contribute most to predicting therapeutic
windows. This feature identification provides insights into the biomarkers of PD that could
be related to the identification of contact selection.

3) Validation in an independent cohort

The last objective was to validate the predictive model on an independent cohort of patients
to assess its generalizability. I collected new MEG-LFP data from eight additional PD
patients in resting state. By applying the model trained on the original dataset to these
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previously unseen patients, this validation tested whether the relationship between
electrophysiological signatures and therapeutic windows is robust across different
individuals. Such generalization is a critical requirement for any potential clinical

application, as a model that only works on its training data would have no practical utility.

Together, these three objectives form a cohesive research program that progresses from data
infrastructure (curation) to discovery (feature identification) to validation (independent
cohort testing). The thesis establishes proof-of-concept that resting-state neural oscillations

recorded from the subthalamic nucleus and cortex can inform DBS contact selection.
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2. Study 1: Exploring the electrophysiology of Parkinson’s
disease with magnetoencephalography and deep brain
recordings
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. Aberrant information processing in the basal ganglia and connected cortical areas are key to many

. neurological movement disorders such as Parkinson’s disease. Investigating the electrophysiology of

. this system is difficult in humans because non-invasive methods, such as electroencephalography or

: magnetoencephalography, have limited sensitivity to deep brain areas. Recordings from electrodes
implanted for therapeutic deep brain stimulation, in contrast, provide clear deep brain signals but are

. not suited for studying cortical activity. Therefore, we combine magnetoencephalography and local

. field potential recordings from deep brain stimulation electrodes in individuals with Parkinson’s disease.

. Here, we make these data available, inviting a broader scientific community to explore the dynamics

. of neural activity in the subthalamic nucleus and its functional connectivity to cortex. The dataset

. encompasses resting-state recordings, plus two motor tasks: static forearm extension and self-paced
repetitive fist clenching. Most patients were recorded both in the medicated and the unmedicated

. state. Along with the raw data, we provide metadata on channels, events and scripts for pre-processing

. tohelp interested researchers get started.

Background & Summary

Parkinson’s disease (PD) is a neurological movement disorder characterised by degeneration of dopaminergic

neurons in the midbrain, leading to impaired information processing in the basal ganglia and associated cortical

areas'. As both subcortical and cortical signalling is affected, it is important to study the electrophysiology of
. extended subcortico-cortical networks?. While this is feasible in animal models, it is challenging in patients.
. Non-invasive techniques, such as electroencephalography (EEG) and magnetoencephalography (MEG), strug-
. gle to obtain signals from deep brain locations that are critical for understanding the disease. Deep brain stim-

ulation (DBS) electrodes, in contrast, provide direct access to these areas when used for recording rather than

stimulation. Yet, they are not suited for studying cortical activity.

Here, we provide a dataset allowing for a range of analyses in patients, and the study of subcortico-cortical

. networks in particular. This dataset contains simultaneous MEG and deep brain recordings of 20 PD patients

. who were implanted with electrodes for therapeutic deep brain stimulation of the subthalamic nucleus (STN)

. the day before measurement. We acquired data from most subjects in both the medicated and unmedicated state

. and quantified motor symptom severity using the Unified Parkinson’s Disease Rating Scale (UPDRS) part ITI°.
Figure 1 depicts an overview of the study design.

The combination of MEG and deep brain recordings is rare and available in only a few centers worldwide*-.
Being a highly limited resource, such data remain unavailable to most researchers in the field unless they
are shared with open access. In doing so, we hope to excel the exploration of neural activity in human basal
ganglia-cortex loops.

institute of Clinical Neuroscience and Medical Psychology, Medical Faculty, Heinrich Heine University, 40225,
Dusseldorf, Germany. 2Center for Movement Disorders and Neuromodulation, Department of Neurology, Medical
Faculty, Heinrich Heine University, 40225, Disseldorf, Germany. 3Department of Functional Neurosurgery and
Stereotaxy, Medical Faculty, Heinrich Heine University, 40225, Disseldorf, Germany. “These authors contributed
equally: Alfons Schnitzler, Jan Hirschmann. ®e-mail: Jan.Hirschmann@med.uni-duesseldorf.de
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Fig. 1 Study design. The measurements were performed the day after electrode implantation using externalized
leads. The pulse generator was implanted the day after the measurement.
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The data offer several possibilities for sophisticated analyses, including verification and extension of previous
analyses. The original aims of the study were to uncover resting-state STN-cortex networks’ and to elucidate the
modulations of brain activity associated with voluntary hand movement® and tremor”!°. The data have further been
used in studies exploring the predictive potential of electrophysiological signals with respect to individual symptoms
and therapeutic benefit, leveraging machine learning techniques'!-'°. Besides building on these previous analyses,
there are countless possibilities to use the data in novel ways. This might include testing and informing computational
models of basal ganglia-cortex loops, using the deep brain recordings as a ground truth for MEG source estimates
of deep brain activity, or comparisons to similar datasets. To enable these and similar endeavors, we here present
a structured and annotated dataset, a comprehensive description of the experimental protocol and of the dataset
constituents, a technical validation addressing data quality, and Python code to get interested researchers started.

Methods

Participants. 20 PD patients eligible for STN DBS (six females), aged between 47 and 75 years (median age:
63 years), participated in the study with written informed consent in accordance to the Declaration of Helsinki
(Table 1). Data collection was approved by the Ethics Committee of the Medical Faculty of Heinrich Heine
University Diisseldorf (study no. 3209). Participants’ consent to the open publication of the anonymized data was
waived by the Data Protection Office of University Clinic Diisseldorf.

MEG System and recording setup.  All recordings were conducted using a 306-channel whole-head MEG
system (VectorView, MEGIN). Simultaneously, local field potentials (LFPs) from the subthalamic nucleus were
recorded. The recording sessions took place the day following electrode implantation. In this phase, the stimulator
had not been implanted yet. All patients were implanted with standard DBS electrodes (Table 1), having either 4
or 8 ring contacts. The electrodes were externalized, i.e. equipped with extension cables that allowed us to connect
the electrodes to the built-in amplifiers of our MEG system. To ensure minimal magnetic interference, we used
custom-made, non-ferromagnetic extensions (Medtronic Bakken Research Center, Maastricht, the Netherlands).

Acquisition. During the recording sessions, we simultaneously acquired various types of electrophysiological
data, including MEG, LFPs, vertical and horizontal electro-oculograms, and the EMG of the extensor and flexor
muscles of both forearms. The DBS electrode contacts were referenced against a surface electrode located at the
left mastoid. EMG signals were recorded with reference to surface electrodes attached to the forearm tendons. A
sampling rate of 2kHz was used to capture the data. Online band-pass filtering was applied to MEG signals within
the range of 0.03 to 660 Hz, while LFP and EMG signals were filtered between 0.1 and 660 Hz.

Medication withdrawal and OFF state verification. On the evening before the recordings, dopamin-
ergic medication was discontinued until the end of the medication OFF measurement next morning. In case
patients were equipped with an apomorphine pump, the pump was stopped at least 2hours before the recordings
started. The medication OFF state was verified by a UPDRS III rating before the recordings started.

Experimental design. The experiment consisted of four blocks: (i) rest followed by static forearm extension
(HOLD) in medication OFF, (ii) rest followed by repetitive fist-clenching (MOVE) in medication OFF, (iii) rest
followed by HOLD in medication ON and (iv) rest followed by MOVE medication ON. In patients 8RgPiG and
6m9kB5 we only acquired resting-state data.

In between the OFF and ON blocks, patients received 1.5 times their usual levodopa morning dose
(mean =205 mg, STD =40 mg, min = 140 mg, max = 300 mg) and we waited for at least 30 minutes for the drug
to take effect. Subsequently, we started to re-score selected UPDRS items such as diadochokinesia and finger
tapping every ten minutes and continued with the MEG measurement as soon as we observed a clear motor
improvement. After the medication ON measurement, we acquired another full UPDRS III score.

In the HOLD condition, patients elevated the forearm of their more affected body side (elbow joint about
60°) and kept this position until instructed via intercom to take a break. This process was repeated several times
until we had collected about 300 seconds of forearm extension (M = 309.54, SD = 50.40).
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ParticipantID | Age [y] | Sex Hand Moved | Disease Duration [y] | UPDRS OFF | UPDRSON | Electrode Model
sub-0cGdk9 48 m 1 10 50 32 MDT
sub-2I1U8mi 60 m 1 6 43 38 MDT
sub-2IhVOz 69 m r 11 39 31 MDT
sub-6m9kB5 53 m — 6 27 21 BSC
sub-8RgPiG 53 m — 9 24 9 BSC
sub-AB2PeX 64 f 1 14 27 21 MDT
sub-AbzsOg 61 f 1 10 56 32 MDT
sub-BYJoWR 54 f r 10 47 16 MDT
sub-FIyfdR 70 f r 4 41 36 MDT
sub-FYbcap 66 m 1 8 40 29 MDT
sub-PuPVlIx 71 m 1 6 51 17 MDT
sub-QZTsn6 72 m 1 17 36 — MDT
sub-VopvKx 70 m r 11 39 21 MDT
sub-dCsWjQ 68 m 1 6 39 20 MDT
sub-gNX5yb 62 f 1 15 31 20 MDT
sub-hnetKS 76 f 1 21 34 13 MDT
sub-i40KOF 69 m 1 1 18 4 MDT
sub-iDpl28 53 m r&l 11 55 33 MDT
sub-jyC0j3 62 m r 16 26 13 MDT
sub-oLNpHd 54 m 1 12 27 — SIM
Mean 62.7 10.2 37.5 22,5

Median 63 10 39 21

SD 8 4.7 10.5 9.5

Table 1. Patient information. Age, disease duration and motor symptom severity (Unified Parkinson’s Disease
Rating Scale Part III) refer to the date of measurement. MDT: electrode with 4 ring contacts by Medtronic
(model 3389); 91.27 mm; contact length: 1.5 mm; contact spacing: 0.5 mm; BSC: electrode with 8 ring contacts
by Boston Scientific (model Vercise Standard); 1.3 mm; contact length: 1.5 mm; contact spacing: 0.5 mm; SJM:
electrode with 4 ring contacts by St. Jude Medical (model 6148); 1.4 mm; contact length: 1.5 mm; contact
spacing: 0.5 mm. m = male, f=female, | =left, r = right. OFF: without medication. ON: with medication.

60 80

Time (s)

Fig. 2 Example data excerpt for each condition. The plots depict one MEG sensor (green), one LFP channel
(blue), and one EMG channel (yellow): (a) Resting state; (b) Static forearm extension; (c) Repetitive fist-
clenching. Movements are initiated at about 10s and are terminated at about 70s.

In the MOVE condition, patients performed repetitive fist-clenching with their more affected hand.
Movement was self-paced, but patients were instructed to clench their fist about once per second for 300 seconds
(M =284.62, SD =44.29). In line with the HOLD condition, we introduced pauses to avoid fatigue. Note that the
change of hand position is captured by the EMG (Fig. 2).
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Construction of head and source models. In this dataset, we provide head models and Montreal
Neurological Institute (MNI)-aligned source models along with the raw data so that interested researchers can
perform source analysis. Realistic, single-shell head model creation for MEG source analysis and the construction
of source models were performed using the FieldTrip toolbox in MATLAB R2020a. The head models are based
on individual T1-weighted MR images of the patients, which we segmented into different tissue types using SPM
routines via the function ft_volumesegment. The triangulated brain-skull boundary served as the single shell, sur-
face head model. Relating the head model to the MEG sensors in space (MEG-MRI co-registration) was achieved
by identifying three anatomical landmarks, namely nasion, right and left periauricular point, in both the MRI and
the MEG coordinate system. The former involved visual inspection of the MRI and marking the landmarks by
hand. The latter was achieved by first determining the position of each landmark relative to four magnetic coils,
attached to the subjects’ head, using a Polhemus digitizer system. The coils, capable of producing a small current,
were source-localized in the head position indicator (HPI) measurement preceding each MEG recording. Once
the landmark coordinates are known in both coordinate systems, the MRI/head model and the sensors can be
represented in the same coordinate system (defined by the landmarks). The forward solution was approximated
using the theorem for the magnetic lead field in the quasi-static approximation'.

The MNI-aligned source models, henceforth referred to as grids, define a set of locations spanning the entire
brain. 3D coordinates in individual head space can be found in the grid.pos field (N x 3 matrix, with N being
the number of locations). During source reconstruction, brain activity is estimated for each of these locations.
The grids were constructed by first normalizing the individual MRI, using SPM routines via ft_volumenormalise.
The inverse of the resulting nonlinear transformation was then applied to a regular MNI template grid with a
spacing of 4mm. After the transformation, the template grid fits the individual MRI, but the regular spacing
is lost. Importantly, each position in the MNI-aligned grid has a corresponding position in the template grid
(Xind> Yind»Zing in row i of individual_grid.pos corresponds to Xy, YyvnpZyng it row i of template_grid.pos).
When using these grids, one effectively estimates brain activity in homologous locations in each subject. The
MNI coordinates of these locations are known and can be used to look up anatomical labels in an atlas, for exam-
ple, or to plot source activity in a standard brain. The latter is particularly useful for group analyses of source
images. These steps are exemplified in the Matlab script source_analysis_example available on GitHub (https://
github.com/Fayed-Rsl/RHM_preprocessing).

Technical validation methods. The recordings were visually inspected and segments with artifacts were
discarded (1.79% of the data on average; SD =2.51, range: 0 to 11%). For technical validation, we re-referenced
the LFPs using a bipolar referencing scheme by subtracting signals from neighbouring electrode contacts within
each hemisphere in order to focus on local neural activity'®.

Minimal pre-processing included a 1 Hz high-pass filter to remove low-frequency noise and slow drift, as
well as down-sampling the data from 2000 to 200 Hz. The power spectral density of the EMG signals from the
hand performing the task was computed using Welch’s method in the frequency range from 2 to 45Hz'¢. For
computing resting-state MEG-LFP coupling, we created fixed-length epochs lasting 2-s with a 1-s overlap. The
epochs were convolved with 7 Slepian tapers, and coherence between MEG and LFP was computed using the
spectral_connectivity_epochs function of the MNE Python toolbox in the frequency range from 13 to 30 Hz"".

Electrode placement was assessed using LeadDBS, a Matlab toolbox for reconstructing the location of DBS
electrodes from their characteristic CT artifacts and visualizing them in a common template brain'®. This step
required an individual pre-surgical MR and a post-surgical CT scan.

Data Records
The dataset adheres to the Brain Imaging Data Structure (BIDS) v1.6.0 standard and was transformed into
BIDS format using the MNE-BIDS tool (https://github.com/mne-tools/mne-bids) version 0.10'>%. It is publicly
accessible at https://openneuro.org/datasets/ds004998% and has a total size of 162GB. The dataset’s structure is
outlined in Fig. 3.

The directory structure consists of a root folder containing general meta-information and the individual
subject folders (e.g., sub-0cGdk9). Each subject-folder contains one session-folder called ses-PeriOp with the
raw data and session-specific meta-information. All electrophysiological recordings are contained in the.fif files
(MEG, LFP, EOG and EMG). Rest and motor task (either HOLD or MOVE) are part of the same file, unless the
patient had only undergone resting-state recordings. Each.fif file has a size of approx. 1.5GB, comprising 204
gradiometers, 102 magnetometers, 8 LFP channels (prefix “EEG”), 4 EMG channels, 2 EOG channels and 3
“stimulus channels”. The latter can be used to record external triggers, but were not used here.

In order to epoch the data into rest, forearm extension, and fist-clenching, we provide both the epoch start
and end times <events.tsv> and code for epoching (https://github.com/Fayed-Rsl/RHM_preprocessing). In
addition, we provide a list of bad channels <channels.tsv>> and epochs containing artifacts <events.tsv>, which
should be removed in pre-preprocessing. Typical reasons for marking a channel/epoch as bad are SQUID jumps
(MEG) or strong high-frequency noise caused by muscle contractions. The mapping from LFP channel labels, as
contained in the raw data, to interpretable DBS electrode contact names is provided in <montage.tsv>. This is
useful for re-referencing the LFP data, which is commonly done to focus on local voltage changes.

Overview of root folder.

o ./dataset_description.json contains information about the dataset, including title, authors, and study details.
o ./participants.tsv stores subject identifiers, age, sex, disease and disease duration.

o ./participants_updrs_<on/off>.tsv provides raw, non-aggregated UPDRS scores for each item of part IIIL.

o ./template_sourcemodel.mat contains the template grid (source locations).
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RestHoldMove/
}— README
I—— dataset_description.json
I—— participants.json
I—— participants.tsv
I—— participants_updrs_off.tsv
I—— participants_updrs_on.tsv
I— template_sourcemodel.mat
L— sub-0cGdk9/
|—— ses-PeriOp/
| I——— sub-0cGdk9_ses-PeriOp_scans.tsv
— meg/
| |— sub-0cGdk9_ses-PeriOp_acq-MedOff_coordsystem.json
| I— sub-0cGdk9_ses-PeriOp_acq-MedOn_coordsystem.json
| I— sub-0cGdk9_ses-PeriOp_task-HoldL_acq-MedOff_run-1_channels.tsv
| I— sub-0cGdk9_ses-PeriOp_task-HoldL_acq-MedOff_run-1_events.tsv
| b sub-8cGdk9_ses-PeriOp_task-HoldL_acq-MedOff_run-1_meg.fif
| I— sub-0cGdk9_ses-PeriOp_task-HoldL_acq-MedOff_run-1_meg.json
| ...
I— headmodel/
| L sub-0@cGdk9_ses-PeriOp_headmodel.mat
I— sourcemodel/
| L sub-0@cGdk9_ses-PeriOp_sourcemodel.mat
L montage/
L sub-0@cGdk9_ses-montage.tsv

L sub-FYbcap/
I_ ...

Fig. 3 Dataset structure. Brain Imaging Data Structure (BIDS) showcasing the hierarchical arrangement of files.

Overview of session folder.

o <ses>/meg/ encompasses the raw data, including sensor and anatomical landmark coordinates, channel
information and event details.

o <ses>/headmodel/ contains the head model (.mat).

o <ses>/sourcemodel/ contains the individual MNI-aligned grid (.mat).

o <ses>/montage/ holds montage-related information for re-referencing LFP data.

Technical Validation
We used the BIDS-Validator to ensure that the dataset conforms to the standardised brain imaging data structure
(https://github.com/bids-standard/bids-validator). To further validate the technical quality of the dataset, we verified
that the medication indeed improved motor symptoms. As expected, administration of levodopa led to a significant
reduction in symptom scores in the medication ON state compared to the OFF state (p < 0.01, paired ¢-test, Fig. 4a).

Furthermore, we confirmed that the event times we provide correctly reflect the patients’ motor state. To do
so, we epoched the data based on the events provided and plotted the forearm EMG both in the time (Fig. 4c)
and in the frequency domain (Fig. 4d), revealing distinct patterns corresponding to the different movements. As
expected, REST exhibited the lowest EMG power. The spectral peaks around 5Hz and its harmonics are due to
Parkinsonian rest tremor. HOLD was characterized by intermediate power levels with prominent peaks reflecting
postural tremor. MOVE had the highest power overall and lacked discernible tremor peaks in the group average.

In addition, we verified that resting-state functional connectivity between STN and cortex displays the hem-
ispheric laterality described by several groups**>?*. Specifically, the left STN is expected to couple to the left
motor cortex in the beta band (13-35Hz) while the right STN is connected to the right motor cortex. Figure 4b
illustrates the topographical organization of beta-band coherence averaged over all left-hemispheric electrode
contacts and all right-hemispheric electrode contacts, respectively. Coupling was clearly lateralized.

Figure 5 illustrates the reconstructed locations of all electrodes in relation to the STN in MNI space. All elec-
trodes in this dataset appear to be correctly placed. Nonetheless, there is inter-subject variability with respect to
contact location.

Usage Notes

The data is available under a CCO license and can be retrieved with open access from openneuro.org (https://
openneuro.org/datasets/ds004998). To help interested researchers get started with analyzing these data, we
provide Python code for loading, epoch creation, artifact rejection and LFP re-referencing on our GitHub
repository (https://github.com/Fayed-Rsl/RHM_preprocessing). In this code, we make use of the MNE Python
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Fig. 4 Technical validation. (a) Unified Parkinson’s Disease Rating Scale (UPDRS) Part III scores in medication
ON and medication OFF. ***p < 0.01, paired t-test. (b) Topographical maps of MEG-LFP beta-band coherence,
averaged over all left-hemispheric and all right-hemispheric electrode contacts, respectively. (c) Example of
MEG, LFP, and EMG time-domain data (subject QZTsn6), REST (green), and MOVE (blue) highlighted.

(d) Group-average power spectral density of EMG signals for REST (green), HOLD (orange), and MOVE (blue).

Fig. 5 Electrode reconstructions in Montreal Neurological Institute Space. The subthalamic nucleus is shown in
orange.

toolbox for MEG data analysis'’. Note that there are several alternatives, which are equally well suited for this
dataset, such as FieldTrip*, Brainstorm?*, or SPM?¢. We additionally provide examples for source reconstruc-
tion, based on the FieldTrip toolbox.

For those who have worked with MEG data of healthy participants before, we note that the data quality might
be worse than what they are used to. Our data were recorded one day after brain surgery in patients severely
affected by PD, off their usual medication. Movement disorders patients cannot be expected to minimize move-
ment the way healthy participants can, resulting in more movement-related artifacts. Rest tremor and postural
tremor occurred frequently, for example. The head position was measured at the start of each recording, not
continuously.

Moreover, these patients had brain implants, further affecting signal quality. While the custom-made,
non-ferromagnetic extensions used here mitigated most of the severe artifacts related to DBS hardware?, the
connections were not completely free of ferromagnetic material. This resulted in signal distortions in right pari-
etal and right temporal MEG sensors, reflecting the path of the extensions (Fig. 6). These rather mild artifacts
can be dealt with by standard analysis steps such as temporal signal space separation®, computing condition
contrasts or relating the MEG signal to a non-distorted reference, e.g. by computing LFP-MEG coherence. Please
note that artifacts also occur in the LFP data, and noisy LFP channels are common. Hence, screening for artifacts
and the removal of bad channels is essential when analysing these data. We provide information and code to
assist with this.
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Fig. 6 Map of signal distortions caused by electrode extensions. The topographical map represents the group
average normalized variance of MEG sensors. We removed sensors with strong noise (>2 SD) and divided each
individual variance topography by its mean before averaging over subjects.

Further, we strongly recommend re-referencing the LFP signal, e.g. by subtracting the signals from adja-
cent contacts (the shared data are nor re-referenced yet). Otherwise, the LFP signal is dominated by muscle
activity recorded at the mastoid reference. In this context, please note that the LFP channel labels in the raw
data (EEG001, EEG002, ...) are not meaningful, but need to be renamed as indicated in the montage.tsv files.
The channel labels in these files contain information about the position of each contact along the electrode.
LFP-left-0, for example, would indicate the lowermost contact of the electrode in the left hemisphere. Note,
however, that we do not provide information about the anatomical position of the contacts, e.g. with respect to
the boundaries of the STN or compartments of the STN, due to uncertainty in the electrode reconstruction and
the uncertain spatial coverage of LFP recordings. In case an analysis requires contact selection, we recommend
a functional criterion such as a threshold on task- or symptom-related activity.

Lastly, we note that the time we waited to reach the OFF state is insufficient for the drugs to lose their effects
completely”. Thus, the medication OFF state is to be understood as a relative OFF which can be further attenu-
ated due to the surgery-related stun effect.

Code availability
All custom code used for pre-processing and technical validation is available at https://github.com/Fayed-Rsl/
RHM_preprocessing.
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Bahne H. Bahners'#, Jan Vesper®, Alfons Schnitzler'* & Jan Hirschmann'

Deep brain stimulation (DBS) is an effective treatment for Parkinson’s disease. Identifying the optimal
parameters is a complex task. Here, we investigated whether electrophysiology, combined with
machine learning, can support contact selection. We applied tree learning to resting-state
magnetoencephalographic and local field potential recordings from the subthalamic nucleus (STN).
STN power and STN-cortex coherence in various frequency bands served to predict the therapeutic
window. The model successfully predicted therapeutic windows in the original (r=0.45, p <0.001,
N =45) and in an independent cohort (= 0.30, p < 0.001, N = 8). It relied mostly on fast (>35 Hz)
subthalamic activity and on STN-cortex coherence in several bands. Furthermore, it was able to order
contacts such that the optimal contact can be found faster. Our study demonstrates the feasibility of
predicting therapeutic windows from electrophysiological features and could contribute to automated

contact selection in the future.

Deep brain stimulation (DBS) is a well-established therapy for neurological
movement disorders such as Parkinson’s disease (PD)". PD is characterized
by degeneration of dopaminergic neurons in the midbrain, leading to motor
impairment and to pathological oscillatory patterns in the basal ganglia®
Among these structures, the subthalamic nucleus (STN), a key regulator of
motor function’, has become an established target for DBS'.

Although stimulation of the STN is effective, achieving optimal
symptom relief can be challenging in some patients, due to the anatomical
complexity of the midbrain. Choosing a suboptimal contact for stimulation,
for example, might lead to the activation of non-target brain areas, causing
side effects. These, in turn, forbid the usage of amplitudes high enough to
fully suppress motor symptoms, i.e, they limit the therapeutic window.
Accordingly, one major aim in DBS programming is to find the electrode
contact with the largest therapeutic window, to be used for chronic stimu-
lation. This is achieved through the so-called monopolar review, a clinical
procedure involving incremental increases of stimulation amplitude while
assessing symptom relief as well as side effects’.

Monopolar reviews are both time-consuming and tedious because
each patient requires a tailored approach®™. The complexity of this task
has increased further with the development of advanced DBS systems

that allow for thousands of possible parameter combinations™’. As
decision-support systems are increasingly being adopted across clinical
domains', it is logical to explore how machine learning techniques could
help speed up the identification of optimal DBS settings. These techni-
ques have already started to show promise in the DBS field (see refs. 12,13
for a review).

The majority of machine learning studies addressing DBS program-
ming come from the imaging domain'“"". A landmark study by Roediger
etal, for example, demonstrated the validity of automated programming in
a clinical trial’. The authors developed and evaluated the so-called StimFit
algorithm, which models the relationship between electrode location and
DBS settings on the one hand and clinical outcome on the other hand
through linear mixed effect models, and selects optimal DBS settings by
means of gradient descent optimization'’. Applying this strategy to PD
patients in a randomized, double-blinded trial, the authors demonstrated
non-inferiority of automated programming compared to conventional
programming. Other studies applied machine learning to kinematic mea-
surements to improve DBS programming'’*’. Sarikhani and colleagues, for
example, have recently optimized DBS programming for tremor suppres-
sion based on smartwatch-accelerometery”. Automated parameter
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Table 1| Patient information for the cohort used for leave-one-
out cross-validation

Table 1 (continued) | Patient information for the cohort used for
leave-one-out cross-validation

Id Study Age[yl] Sex Electrode Monopolar Disease Id Study Agelyl] Sex Electrode Monopolar Disease
type review [day duration type review [day duration
after surgery] after surgery]
So1 1 75 f MDT 3389 36 21 median — 62 - - 7 10
S02 1 70 m MDT 3389 6 11 sd = 9 - - 149 4
S03 1 64 f MDT 3389 8 14 Age refers to the date of measurement.
MDT Medtronic, BSC Boston Scientific, ABI Abbott Infinity, m male, f female.
S04 1 62 f MDT 3389 6 15
S05 1 54 f MDT 3389 16 10
S06 1 47 m MDT 3389 5 10 X . . . Lo
selection by means of Gaussian process regression achieved similar tremor
S07 1 68 m MDT 3389 6 1 . .
suppression as expert clinicians.
So8 1 66 m MDT3389 6 8 Besides imaging and kinematics, electrophysiology has been a major
S09 1 69 m MDT 3389 6 6 focus of this research. Neural oscillations, as obtained via electro-
s10 1 70 m  MDT3389 12 11 encephalography, magnetoencephalography (MEG) or local field potential
& - % w6 ; (LFPs) recordings, are of Partlcular 1nter.est to .the ﬁelc.l beclause they
encompass relevant neural signatures associated with Parkinsonian symp-
St12 1 69 i MDT 3389 6 1 toms. STN beta power, for example, is well known to correlate with bra-
§13 1 67 m  MDT3389 6 6 dykinesia and rigidity’'~**. Due to this robust relationship, it is commonly
S14 1 53 m  MDT3389 6 11 used as a feedback signal for automated DBS parameter adjustments in
S15 p 61 f MDT 3389 9 10 closed-loop stimulation””". Moreover, it has recently been validated for
St ] - BSG . 5 contact selection™”.
m . .
Vercise However, STN beta power is not the only signal related to PD symp-
Standard toms. In fact, the literature bears a wealth of candidate markers, many of
S17 1 53 m BSC 8 6 which are symptom or state-specific. This includes finely-tuned and
Vercise broadband gamma oscillations” ™, oscillations in the tremor range
Standard (4-8 Hz)*** and high-frequency oscillations”*, just to name a few. Given
S18 1 44 m MDT 3389 6 5 this rich set of potentially informative signals, it seems suboptimal to base
S19 1 50 m MDT 3389 10 18 decisions on a single marker. A more holistic approach would be to leverage
multivariate tools that base decisions on a large set of variables.
S20 1 44 f MDT 3389 372 9 . . .

Here, we use such a strategy to predict therapeutic windows from
s21 ! 5 m  Woressy € & various electrophysiological markers. Based on the STN’s fundamental
§22 1 69 m  MDT3389 7 12 contribution to PD pathophysiology, we take an STN-centric view and
S23 1 61 f MDT 3389 6 3 consider STN power in various frequency bands. Subthalamic activity alone,
S04 ] - m MDT3389 6 14 however, might not be sufficient for optimizing DBS parameters. Recent

research suggests that cortical signals are a major asset when inferring
S25 1 66 m MDT 3389 6 12 . . 40 .
clinical parameters of interest”. Thus, we further include STN-cortex
S26 1 6 f MDT 3389 7 14 coherence, a functional connectivity metric capturing subthalamo-cortical
s27 2 69 m ABI 6662 113 12 interactions.
S28 2 65 m ABI 6662 6 6 R |
S29 2 56 m ABI 6662 498 13 esults . . . 4143 L
We analysed resting-state data from two prior studies’' ™, which involved
=0 2 62 f ABI 6662 6 13 26 and 19 PD patients, respectively (Table 1). All patients were implanted
S31 2 70 m ABI 6662 671 1 with externalized DBS electrodes, allowing for simultaneous MEG-LFP
$32 2 45 m  ABI6662 125 13 measurements. Recordings took place the day following DBS electrode
533 o 60 P AB| 6662 419 6 implantation and after an overnight withdrawal from dopaminergic med-
ication. The data from this combined cohort were used to train an extreme
S34 2 59 f ABI 6662 100 9 . . 44 e o s
gradient boosting model™ predicting the clinical utility of each electrode
£ z & u HEEae & i contact based on the neural oscillations recorded at this contact, and their
S36 2 2 f ABI 6662 6 3 synchrony with cortical oscillations. Clinical utility was quantified by the
337 2 69 m ABI 6662 103 10 normalized therapeutic window, i.e., the difference between clinical effect
S38 5 54 m ABI 6662 5 3 and side effect threshold, as obtained from monopolar review (see Meth-
ods). Model performance was assessed using a leave-one-electrode-out
S39 2 55 f ABI 6662 50 4 T . .
(LOEO) cross-validation scheme. Subsequently, we validated the model in
S40 2 41 m  ABI6662 6 7 an independent cohort (Table 2).
S41 2 46 m ABI 6662 357 6
S42 2 59 m  ABI6662 225 15 Model performance
43 5 58 T ABI 6662 49 8 The mo.del s ability to predict the the%rapeutlc window was qugntlfled by the
correlation between actual and predicted values. As shown in Fig. 1A, the
. = i y HEllaee € = LOEO validation yielded a positive correlation (r=0.45, p <0.001), indi-
S45 2 59 m  ABI6662 58 10 cating that the model successfully captured the relationship between neural
mean - 61 - - 75 9 oscillations and therapeutic windows. To account for repeated measures per

electrode, we also fitted a linear mixed effect model as an alternative
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Table 2 | Patient information for the independent cohort

Id Study Age [yl Sex Electrode type Monopolar review [day after surgery] Disease duration
S01 3 68 m ABI 6662 6 13
S02 3 57 m MDT SenSight 6 6
S03 3 66 m BSC Vercise Cartesia 6 4
S04 3 68 m ABI 6662 51 9
S05 3 58 m ABI 6662 7 7
S06 3 64 f BSC Vercise Cartesia 51 5
So7 3 81 m ABI 6662 82 7
S08 3 49 m ABI 6662 57 11
mean - 64 - - 33 8
median - 65 - - 29 7
sd — 9 - — 28 3
Age refers to the date of measurement.
MDT Medtronic, BSC Boston Scientific, ABI Abbott Infinity, m male, f female.
A B
c
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Fig. 1 | Model performance. A Scatter plots displaying the relationship between
actual and predicted therapeutic windows for the leave-one-electrode-out approach.
Gray shaded areas represent 95% confidence intervals. B Same as (A), but showing
predictions generated for the independent cohort. C Cumulative hit ratio for the

contact rank

model’s ranking of DBS electrode contacts (green) and the average hit ratio resulting
from random ranking (black). The gray shaded area represents the mean + 1 stan-
dard deviation. Asterisks (*) indicate above-chance performance (p < 0.05).

performance measure, yielding similar results (f=0.312, CI=[0.093,
0.532], p<0.01; Supplementary Table S3). When we applied a model
trained on the entire original cohort to a new set of patients, the positive
correlation remained (r = 0.30, p < 0.01), demonstrating the mode[’s ability
to generalize to unseen data (Fig. 1B). This model used the features most
frequently selected in the LOEO procedure (Fig. 2A).

Figure 1C demonstrates the model’s effectiveness in ranking electrode
contacts according to their therapeutic window. It compares two scenarios
in which the electrode contacts are first ordered, either randomly or
according to the predicted therapeutic window (model-based), followed by a
sequential search for the “optimal” contact, i.e., the contact chosen by the
clinician. The cumulative hit ratio quantifies, for each rank i, the fraction of
electrodes for which the optimal contact got ranked ith or better. The
steepness of the curve thus indicates how fast one would find the optimal
contact using a given ranking. The model-based ranking outperformed the
vast majority of random rankings (p < 0.05), confirming the model’s ability
to inform the search for the optimal contact. These results indicate practical
utility in guiding DBS programming decisions.

Feature importance

Full model. Feature importance analysis was conducted to identify the
frequency bands and brain regions most relevant for predicting the
therapeutic window. Using the Boruta algorithm during each iteration of
the LOEO cycle (see Methods), we aimed to retain only the features that
contributed significantly to model predictions. Thus, the number of times
a feature got selected is indicative of its importance. Here, we used this
quantity to assess feature importance for the full model, considering both
STN power and STN-cortex coherence features.

From the initial set of 217 features (31 brain regions * 7 frequency
bands), a total of 36 were selected consistently across iterations. Figure 2
illustrates the selection frequency for different features, grouped by fre-
quency band (6, a, B, y, and HFO) and brain region. STN power features
were particularly influential, particularly in higher frequency bands (y and
HFO). When applied to the subset of patients exhibiting one or more
prominent beta peaks, STN beta power emerged as an important feature,
indicating that subthalamic beta power is helpful when present (Supple-
mentary Fig. S5).
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Fig. 2 | Distribution of feature importance across brain regions and

frequency bands. A The bar plot illustrates the importance of each feature, grouped
by brain region (indicated by colors) and frequency band (6, o, B, y, HFO). The
length of each bar represents the relative contribution of each feature. Feature
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importance was quantified by selection frequency across leave-one-out cycles,
normalized by the number of brain areas per lobe. B 3D topography of STN-cortex
coherence features (parcellated).

Regarding STN-cortex coherence, the features spanned a broad spec-
trum, indicating that STN connectivity to multiple regions, in various fre-
quency bands, contributed to the prediction of therapeutic windows.
Notably, STN connectivity with the cerebellum, the temporal lobe, the
superior frontal and superior parietal cortex were among the most impor-
tant predictors.

Reduced feature sets. An alternative way of addressing feature
importance is to exclude a subset of features and to reassess prediction
performance. Here, we used this strategy to investigate the contribution
of STN power vs. STN-cortex coherence, the importance of the cere-
bellum, and the possibility of obtaining accurate predictions when using
only subthalamic and primary sensorimotor features.

A model trained on STN power alone yielded a lower performance
than the full model (r =0.22, p < 0.001; Supplementary Fig. S1A). In con-
trast, a model trained on STN-cortex coherence achieved a correlation
comparable to that of the full model (r = 0.40, p < 0.001; Supplementary Fig.

S1C). Despite the relatively strong performance, the cumulative hit ratio
analysis did not indicate any ability to speed up the search for the optimal
contact (Supplementary Fig. S1D), emphasizing the advantage of combin-
ing STN power with STN-cortex coherence.

Excluding the cerebellum from the feature set (Supplementary Figs.
S2A, B and S3), or all cortical areas except sensorimotor cortex (Supple-
mentary Fig. S2C, D), worsened predictions, but still yielded significant
correlations between predicted and actual therapeutic windows
(r=0.32, p < 0.001).

Enhanced feature set. In order to test whether the addition of anato-
mical information would improve predictions we tested an enhanced
feature set that included the best-performing electrophysiological fea-
tures (Fig. 2A) and the distance of the contacts’ center to a published
anatomical sweet spot for STN DBS (x = 12.58, y = —13.41, z = —5.87%).
We tested both feature sets in the LOEO framework and found that the
anatomical information improved both the prediction performance and
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the cumulative hit ratio (Supplementary Fig. S4), highlighting the merits
of combining electrophysiology and anatomy.

Discussion

In this proof-of-concept study, we show that STN power and STN-cortex
coherence allow for predicting a contact’s therapeutic window, demon-
strating the potential of electrophysiological markers for contact selec-
tion. No single feature dominated the prediction; rather, a combination
of features across different brain regions and frequency bands—parti-
cularly in the alpha, high-gamma, and HFO range— facilitated the
prediction of therapeutic windows. Predictions could be improved by
adding anatomical information. Overall, these results highlight the
importance of integrating information from multiple sources rather than
relying on isolated markers.

Using electrophysiological features, we could successfully predict
therapeutic windows in both the original and the independent cohort. The
generalization to a new set of patients is particularly important for any future
application to be developed based on this study, because the overarching
goal is to gain a time advantage, requiring that predictions are based on
previously recorded data. This sort of generalization is difficult to achieve in
clinical neuroscience, due to the high between-subject and between-study
variability of electrophysiological recordings* and due to the numerous
methodological caveats, that can lead to overfitting””. Our model likely
profited from the fact that the original cohort included two distinct
datasets' ™, forcing the model to focus on robust feature-outcome rela-
tionships. In addition, the features themselves appear to be rather robust.
The basic, frequency-dependent layout of STN-cortex coherence has been
replicated in numerous studies, indicating stability"**>". Accordingly, we
observed a high similarity between the original cohort and the independent
cohort in this study (Fig. 4).

The main value of machine learning in medicine is to provide clinically
useful tools. For the current study, the utility lies in the time advantage that
our approach might bring to the tedious, trial-and-error search for the best
DBS contact. Our study sets the ground for such a tool by demonstrating
that predicting therapeutic windows from electrophysiological signatures is
possible in principle. Moreover, we provide evidence of an advantage over
random search, which is the current standard, in our cumulative hit ratio
analysis. Whether or not the approach really saves time in practice, however,
needs to be established in a prospective study.

Besides producing useful tools, machine learning in medicine has the
potential to uncover previously unknown relationships between measured
signals and clinical outcomes. A machine learning model monitors a vast
number of variables simultaneously and, unlike humans, is not biased by
expectations™. Hence, investigating the features important to a successful
machine learning model can provide scientific insights. In this context, it is
important to keep in mind that the term “importance” refers to the model’s
internal computations, not to the process of interest. Accordingly, a model
might rely on features that are unrelated to the underlying causal
mechanisms™. That being said, we continue with discussing the most
important features identified in this study.

In general, STN power was important to the model, particularly in the
alpha, high-gamma and HFO range. This result tallies with a study by Shah
et al., who used Lasso-regression to predict therapeutic windows from LFPs
recorded intraoperatively in the resting-state. Matching the current results,
the authors identified STN high-gamma and HFO power as the most pre-
dictive features™. The importance of fast STN oscillations is further corro-
borated by recent studies on adaptive DBS at home, which found that
stimulation-entrained gamma oscillations best reflect motor symptom
fluctuations™. Our previous study, which aimed at predicting the motor
symptom improvement achieved with the optimal contact, lends further
support to the current findings: in the STN power model, STN alpha power
ranked second, and HFO power ranked third*’. The best STN feature in that
study, however, was high-beta power, in line with previous reports”*,
prompting the question of why STN beta power did not emerge as a
dominant feature here.

The reasons could be methodological, as both the target variable
(therapeutic window vs. UPDRS sum score improvement) and the method
for feature selection (BORUTA vs. Shapley values) differed across studies.
Further, subthalamic beta and gamma power are anti-correlated”’, and
feature selection in a set of correlated features is arbitrary to some degree.
Beyond that, there might also be neurobiological reasons. STN beta power is
primarily related to akinesia and rigidity”. For the monopolar review,
however, tremor is usually the preferred target symptom, if present, because
itis an easy readout. Thus, the review data might be less related to beta power
than clinical scores with a stronger emphasis on akinesia and rigidity, such
as the UPDRS. Further, in this particular dataset, there were many contacts
lacking a clear beta power peak, presumably due to the stun effect'. This
raises the question whether beta power is helpful when present. Indeed, we
found STN beta power to be important in the set of patients exhibiting a
clear beta peak.

In line with our previous work™, we find that STN-cortex connectivity
provides valuable information for predicting DBS effects. The coherence-
only model performed better than the STN-only model and both performed
worse than the combined model, indicating that STN power and STN-
cortex coherence are complementary sources of information. With respect
to STN-cortex coherence, our model mostly relied on low-frequency cou-
pling (theta to low-beta) to bilaterally symmetric, medial, fronto-parietal
regions. Further, it relied on coherence with the ipsilateral temporal cortex,
and on coherence with the contralateral cerebellum (both not frequency-
specific). In the following, we briefly discuss each of these couplings.

Low-frequency coherence with medial frontal areas was particularly
important to the model. This is interesting because the STN has dense
structural connections with the medial frontal cortex”. Structural con-
nectivity forms the basis of functional connectivity. Accordingly, recent
studies demonstrate that structural connectivity and STN-cortex coherence
correlate in a frequency- and area-specific fashion®"”. Structural con-
nectivity is also a major predictor of the DBS effect”, with the set of
important fibers varying systematically across diseases®’ and symptoms®.
Taken together, these considerations suggest that STN-cortex coherence
might be useful for contact selection because it contains information about
the structural connections within reach of a given contact. Some of these
connections might be critical to the DBS effect, as they convey clinically
relevant, cortical afferents™ or because they mediate remote cortical effects
of DBS”"®. Finally, coherence and power might be indicative of fibers or
regions that should be avoided, such as the pyramidal tract”’. Despite being
closely related, electrophysiology and anatomy are distinct sources of
information. As demonstrated here, their combination can improve pre-
dictions—a finding that might inspire future applications.

The ipsilateral temporal lobe is known to be one of the hot spots of
STN-cortex coherence, primarily in the alpha band*"***. This coupling is
not STN-specific, but has been reported for numerous DBS targets, such as
the ventral thalamus’", the internal pallidum’ and the nucleus basalis of
Meynert”. Neither the anatomical underpinnings nor the functional sig-
nificance are well understood to date. Yet, its occurrence in a number of
different diseases suggests a physiological rather than a pathological nature.

The strong contribution of the cerebellum is likely based on structural
connections between the STN and cerebellum, which are reciprocally
connected via a disynaptic pathway involving the pontine nuclei’™. As
expected, due to fiber decussation, we observed the strongest contribution
from the cerebellar hemisphere contralateral to the STN. Both, the basal
ganglia and cerebellum, are important hubs for motor learning” and
tremor’®. Modulating their functional interactions might thus be a critical
aspect of DBS, and contacts allowing for this modulation might be better
suited than others. In line with this idea, we observed that removing cere-
bellar features from the input impaired model performance.

Interestingly, there appears to be some segregation between the areas
with the strongest coherence (Fig. 4) and the areas with the most informative
coherence (Fig. 2), most strikingly in the beta band. The ipsilateral sen-
sorimotor cortex is strongly coupled to the STN in the beta band, but that
coupling does not seem to be very useful for predicting the therapeutic
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Fig. 3 | Subthalamic nucleus power feature

extraction. A Power spectrum before (black) and

after removing power line noise (blue). B Removal of A
the aperiodic component (1-90 Hz) and the linear

trend (>90 Hz). C Preprocessed power spectrum.
Frequency bands are color-coded.
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window (current study), nor for predicting the UPDRS improvement™. This
finding aligns with a study on DBS effects on STN-cortex coherence.
Standard 130 Hz DBS markedly reduced beta-band coherence between
sensorimotor cortex and STN, but this reduction did not correlate with the
concurrent reduction of symptoms”, suggesting that these two con-
sequences of DBS are largely independent.

With respect to the time delay between electrophysiological mea-
surements and clinical assessment, our study demonstrates that record-
ings obtained 1 day after surgery can predict the contact selected during
monopolar reviews conducted between 5 and 671 days post-surgery,
suggesting relative stability of neural oscillations over time. This per-
spective is supported by work from Garcia et al., who reported that sub-
thalamic oscillations recorded intraoperatively can predict clinically
effective contacts up to 27 months later’. Although these and similar
findings”” indicate that early recordings can be useful for guiding future
programming decisions, it is to be expected that prediction performance
improves with decreasing the delay between electrophysiological
recording and monopolar review, as more immediate measurements
better capture the neural dynamics predominating at the time of clinical
assessment. Here, most of the reviews were performed <30 days after
surgery, ensuring temporal proximity between the electrophysiological
recordings and the monopolar review. Using early reviews, however,
comes at the disadvantage of the stun effect masking some of the clinical
effects. This is the reason why we observed many negative therapeutic
windows, indicating the presence of side effects in the absence of clinical
effects (Fig. 1). Ideally, reducing the delay between recording and review
should be achieved by shifting the recordings to a later stage. This is not
possible when using externalized leads, but can be achieved with intra-
cranial sensing’.

We acknowledge that MEG is not widely available, limiting the
translation of our approach. Alternative setups, such as combining sensing-
capable DBS stimulators with EEG or electrocorticography’>*>”* might be
better suited for clinical application. This would require training a new
model in a new cohort due to the differences with respect to channels and
signal-to-noise ratio. Irrespective of the hardware, the procedure would
involve obtaining a short electrophysiological measurement, feature com-
putation and the prediction of therapeutic windows based on a pre-trained
group model, rather than an individualized model. Contacts scoring very
low might be omitted in the monopolar review, saving valuable time.
Alternatively, contacts that were not initially expected to be useful, e.g.,
because they rarely yield good outcomes, might be explored with more rigor
when scoring high. In this sense, our approach, the feasibility of which we

demonstrated here, has the potential to speed up and improve the standard
monopolar review.

In conclusion, this study demonstrates that STN power and STN-
cortex coherence can be used to predict the width of the therapeutic window,
the key criterion for contact selection. Our approach has the potential to
reduce the duration of DBS programming. Moreover, our study confirms
the utility of synchronized oscillations for generating clinically relevant
predictions.

Methods

Patients

We analysed resting-state data from two prior studies conducted at the
University Hospital Diisseldorf*'~*, which involved 26 and 19 PD patients,
respectively, with an average age of 60.73 years (SD = 9; Table 1). All patients
were implanted with DBS electrodes, following standard clinical procedures,
and took part with written informed consent according to the Declaration of
Helsinki. Recordings took place the day following DBS electrode implan-
tation and after overnight withdrawal from dopaminergic medication (Med
OFF). The data from this combined cohort were used to train a machine
learning model predicting the therapeutic window for each electrode con-
tact based on the neural oscillations recorded at this contact, and their
synchrony with cortical oscillations. The performance of this model was
assessed using a leave-one-electrode-out (LOEO) cross-validation scheme.
Subsequently, we validated our model in an independent cohort (Table 2)
consisting of eight PD patients (M = 64; SD =9), measured for the current
study. Resting-state recording durations varied across cohorts (LOEO
cohort 1: M=263s, SD=56s; LOEO cohort 2: M=540s, SD=68s;
independent cohort: M =385 s, SD = 106 s).

The experimental protocols were approved by the Ethics Committee of
the Medical Faculty of Heinrich Heine University Diisseldorf for both the
original cohort (no. 3209 and 5608) and the independent cohort (no. 2021-
1587—Andere Forschung, Erstvotierend).

Electrophysiology

Patients were recorded using a 306-channel MEG system (VectorView,
MEGIN), while simultaneously measuring LFPs from the STN via exter-
nalized leads. The DBS electrodes were connected to the integrated EEG
amplifier via non-ferromagnetic extension cables, minimizing magnetic
interference. In addition to LFPs, we recorded vertical and horizontal
electro-oculograms and electromyograms of the extensor and flexor mus-
cles of both forearms. In our analyses, these were solely used for artifact
detection. All signals were sampled by the same acquisition system, at a rate
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Fig. 4 | STN-cortex coherence. Source-reconstructed STN-cortex coherence for
different frequency bands (6, a, low-p, high-p, low-v, high-y, and HFO), projected
onto a 3D template brain (parcellated). The topographies were normalized by means
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of spatial z-scoring before computing the group average. A Original cohort.
B Independent cohort. The terms ipsilateral (ipsi) and contralateral (contra) refer to
the DBS electrode.

of 2 kHz [LOEO cohort 1 and independent cohort; 42] and 2.4 kHz [LOEO
cohort 2, 43], respectively.

LFP signals were referenced to a surface electrode on the left mastoid
and re-referenced post-hoc according to an average reference scheme.
Within each electrode, we computed the mean across LFP channels and
subtracted it from each signal.

Preprocessing. LFP and MEG data underwent visual artifact screening.
Channels with a very low signal-to-noise ratio were marked as bad

channels. On average, this led to the exclusion of 6.26 + 6.67 (SD) MEG
channels and 1.67 + 1.81 electrode contacts per patient. Segments con-
taining movement artifacts were likewise excluded from analysis. On
average, this led to the exclusion of 13.66 s + 24.80 s of data per patient.
Data were segmented into 2 s windows with 50% overlap, resulting in a
frequency resolution of 0.5 Hz.

Feature extraction. Feature extraction details have been described in
ref. 56. In brief, STN power features were computed for each integer
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Table 3 | Therapeutic window normalization

@ training

Before normalization After normalization 6;/5;::2‘:5 ﬁ testing
feat! lecti
Contact SET TET TW SET TET TW TW |1 = A) leave-one-electrode-out @ catireiseiection
[mA] [mA] [mA] [mA] [mA] [mA] (2) [mA] cross validation tuning
1 3 1 2 — 3 1 2 0,34 . '
U iteration 1
2 — 1 — — 6 1 5 0,85
3 4 = - = 4 6 -2 -0,34 : 3
4 2,5 1 15 — 25 1 15 0,25

The table illustrates monopolar review data before (left) and after normalization (right). First, we
replaced missing values by the maximum amplitude tested (6 mA in this case). Next, we divided all
windows by the range of amplitudes tested (5.9 mA in this case).

SET side-effect threshold, TET therapeutic effect threshold, TW therapeutic window, TW(z)
normalized therapeutic window.

frequency from 1 to 300 Hz using Welch’s method. To remove line noise
(50 Hz) and its harmonics, power within +7 Hz from the harmonics were
replaced with surrogate values obtained through linear interpolation
(Fig. 3A). The aperiodic (1/f) component of the LFP power spectra was
removed using the fitting oscillations and one-over-f algorithm
(FOOOF)™, applied up to 90 Hz. For frequencies above 90 Hz, we applied
linear de-trending (Fig. 3B). The periodic component was retained, and
power was averaged within eight frequency bands of interest: theta
(3-7 Hz), alpha (8-12 Hz), low-beta (13-20 Hz), high-beta (21-35 Hz),
low-gamma (36-60 Hz), high-gamma (60-90 Hz), and high-frequency
oscillations (HFO; 200-300 Hz). The band definitions include the upper
and the lower limit. LFP-MEG coherence was calculated for each fre-
quency band using the multitaper method"' and source-localized through
Dynamic Imaging of Coherent Sources®. The beamformer grid com-
prised 567 locations on the cortical surface, which were subsequently
subdivided into 30 regions of interest based on the automatic anatomic
labeling (AAL) atlas® (Supplementary Table S2). We spatially normal-
ized coherence by z-scoring across parcels. We used all available data for
feature computation to maximize feature quality.

When constructing group-average maps of coherence (Fig. 4), we
mirrored coherence maps for electrodes implanted in the left STN across the
mid-sagittal plane, aligning the hemisphere ipsilateral to the LFP recording
site to the right hemisphere of the brain template.

Monopolar review. The aim of the monopolar review is to identify the
optimal electrode contact for chronic stimulation. During the monopolar
review, an experienced movement disorder neurologist tested each
electrode contact in a monopolar configuration, i.e., with the contact as
cathode and the neurostimulator case as anode. Stimulation amplitude
was gradually increased in steps of 0.5 or 1 mA until reaching either the
highest amplitude tolerated by the patient (side-effect threshold) or the
highest amplitude considered safe (5 or 6 mA). At each step, the ther-
apeutic and side effects of DBS were documented. The minimum
amplitude required for a sustained clinical benefit was defined as the
therapeutic effect threshold, and the electrode contact with the widest
therapeutic window, defined as the difference between the side-effect
threshold and therapeutic effect threshold, was chosen for chronic sti-
mulation. Frequency and pulse width were kept constant at 130 Hz and
60 ps, respectively, and adapted later if required.

For each patient, the monopolar review was performed between 5 and
7 days after surgery for initial treatment and repeated between 4 and
13 weeks after surgery. Not all reviews encompassed the complete set of
electrode contacts, including all contacts, all segments and ring modes.
Accordingly, the number of contacts tested varied across patients (training
cohort: median: 8, SD: 4.4, minimum 3, maximum 20; independent cohort:
median: 13, SD: 6, minimum 8, maximum 20). In case several reviews were
available per patient, we included the review with the highest number of
contacts tested to maximize the amount of training data.

Some of the monopolar reviews contained clinical data for segmented
contacts used in ring mode. In this case, we estimated the corresponding

U iteration 2

= J
= f 7
| ’ iteration N

f ]

( J

B) validation on
independent dataset
| new cohort | original cohort U

L J
L 14

Fig. 5| Model evaluation pipeline. A Leave-one-electrode-out cross-validation. For
each iteration, one electrode from the original cohort (blue) is left out for testing,
while the remaining electrodes (yellow) are used for training, including nested
feature selection and hyperparameter tuning. This process is repeated for every
electrode (N = 82) in the dataset. Once all electrodes are evaluated, the performance
metrics are aggregated to assess the model’s overall performance. B Validation in an
independent cohort. A model trained on the entire original cohort (yellow) is applied
to a new cohort (blue).

electrophysiological features by averaging band-limited power and coher-
ence across ring segments.

Therapeutic window. To account for variability in the review procedure,
such as variable step-size and maximum amplitude, we normalized the
therapeutic window such that it ranged between —1 and 1, with 1
describing the best-case scenario (clinical effects at lowest amplitude, first
side effects at highest amplitude or not at all) and —1 describing the
worst-case scenario (side effects at lowest amplitude, first clinical effects
at highest amplitude or not at all). This was achieved by dividing the
therapeutic window by the range of amplitudes tested. Missing values,
indicating that no effect occurred up to the highest amplitude tested, were
replaced by the maximum amplitude tested. The procedure is illustrated
in Table 3. Using higher values than the maximum amplitude tested for
replacement did not impair model performance (Supplementary
Table S4).

Model. We used extreme gradient boosting, as implemented in the
XGBoost package for Python™, to predict the therapeutic window of each
electrode contact based on STN power and STN-cortex coherence. This
machine learning approach has been widely used and proven effective in
analysing electrophysiological datasets™". As illustrated in Fig. 5A,
predictions were iteratively generated for each electrode using a LOEO
cross-validation approach, wherein each electrode served as the test
set once while being included in the train set for all other iterations.
In terms of hyperparameters, we first selected the number of trees by
means of 10-fold cross-validation and then applied the Hyperopt
package®. Tuning was nested, i.e., restricted to the train set. The
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selected hyperparameters, averaged across LOEO cycles, are reported
in Supplementary Table S1.

Feature selection. During each iteration of the LOEO cycle, we utilized
the Boruta method for nested feature selection®’. Boruta works by first
creating a copy of the original features, called “shadow features”, with
values randomly shuffled to destroy any correlation with the target. A
Random Forest model is then trained on the combined set of original and
shadow features, producing an importance metric for each feature.
Original features scoring significantly lower (p < 0.05 in a binomial test)
than the most important shadow feature are removed. Boruta repeats this
process for a maximum of 100 iterations or until all features are either
confirmed or rejected, removing more unimportant features in each
iteration. To ensure a robust set of features across iterations, we resam-
pled from the train set and applied the Boruta method 10 times, keeping
only features that were selected >7 times. The selection frequency, i.e., the
fraction of LOEO cycles preserving a feature, served as our feature
importance metric.

Model evaluation. The model’s performance was quantified by Pear-
son’s correlation between the predicted and actual therapeutic windows.
Additionally, we assessed the model’s ability to rank electrode contacts by
clinical utility—a potential use case for our method. Specifically, we
ranked the contacts electrode by electrode based on their predicted
therapeutic window, assigning higher ranks to contacts with higher
predicted windows. We then computed the cumulative hit ratio,
quantifying how often the active contact, i.e., the clinician’s choice,
coincided with contact ranked first, was among the top two ranks, the
top three ranks and so forth. As more and more contacts are con-
sidered, the cumulative hit ratio increases, eventually reaching 100%
because the active contact must be among the set of all available
contacts. Next, we computed an empirical null distribution by ran-
domly ranking contacts 10,000 times and re-computing the cumu-
lative hit ratio. Ratios exceeding the upper 95th percentile of the null
distribution were deemed significant. Note that we limited this
analysis to electrodes with data for at least four contacts (N = 47), to
ensure a reasonable number of unique within-electrode
permutations.

To further test the generalizability of our model, we re-trained it on the
entire, original cohort (45 patients), including feature selection, and applied
it to the independent cohort of eight PD patients, not available to the model
during training. The selected hyperparameters of this model are summar-
ized in Supplementary Table SI.

Data availability

The data from LOEO cohort 1 are available at OpenNeuro.org with the
accession number  ds004998  (https://doi.org/10.18112/openneuro.
ds004998.v1.2.2). The remaining data were not publicly available because
patients did not consent to data sharing.

Code availability
The code for this study is publicly available at https://github.com/Fayed-Rsl/
DBS_Prediction_ TW.
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Hyperparameter tuning

Table S1 summarizes the hyperparameters used in the leave-one-electrode-out (LOEO) cycle and for
predicting the therapeutic windows of an independent cohort. Parameters in orange were tuned using
the Hyperopt package within a nested, 3-fold cross-validation framework. For the LOEQO cycle, the
table provides the hyperparameters averaged across iterations. For the independent cohort, the
hyperparameters were found through a cross-validated search in the entire original cohort.
Parameters not tuned (black) remained at their default settings.

Table S1. Optimized hyperparameters for XGBoost.

LOEO cycle indep. cohort

parameter name value [average] value
objective reg:squarederror  reg:squarederror
base_score 0.5 0.5
booster gbtree gbtree
colsample_bylevel 1 1
colsample_bynode 1 1
learning_rate 0.05 0.05
max_delta_step 0 0
max_depth 7 7

missing None None

scale_pos_weight 1 1




Parcellation

Table S2 lists the labels of the cortical parcels used in this study, along with the x, y and z coordinates
of the grid point cloud centroids in MNI space.

Table S2. Details on cortical areas.

area X y z
SensorimotorR 38.28 -14.42 54.59
FrontalSupR 17.78 33.48 41.75
FrontalMedR 36.35 38.63 20.92
FrontallnfR 52.30 31.11 1.94
ParietalSupR 23.00 -60.67 64.84
ParietallnfR 52.73 -47.50 47.29
TemporalSupR 63.47 -13.85 3.22
TemporalMidR 59.85 -23.91 -11.06
TemporallnfR 58.30 -35.63 -24.14
OccipitalSupR 19.94 -94.60 24.55
OccipitalMidR 39.38 -85.00 17.80
OccipitallnfR 29.33 -95.00 -9.09
AngularR 47.81 -65.00 39.75
SupraMarginalR 61.83 -32.50 34.73
CerebellumR 33.90 -61.22 -46.50
SensorimotorL -39.35 -12.95 54.26
FrontalSupL -14.80 44.73 30.35
FrontalMedL -32.91 40.96 24.72
FrontallnfL -50.60 29.52 3.11
ParietalSupL -17.14 -61.76 64.62
ParietallnfL -49.08 -51.11 46.36
TemporalSuplL -59.66 -8.18 -1.40
TemporalMidL -61.87 -31.36 -5.78
TemporallnfL -59.29 -28.33 -25.71
OccipitalSupL -8.64 -97.80 21.46
OccipitalMidL -33.41 -91.75 10.92
OccipitallnfL -24.92 -91.83 -10.07
AngularL -48.73 -66.00 36.52
SupraMarginall -61.99 -33.33 30.51
CerebellumL -31.65 -61.54 -46.86

Reduced Feature Sets

One way of addressing feature importance is to exclude a subset of features and to re-assess
prediction performance. Here, we used this strategy to investigate the contribution of STN power vs.



STN-cortex coherence, the importance of the cerebellum, and the possibility to obtain accurate
predictions when using only subthalamic and primary sensorimotor features.

A model trained on STN power alone yielded a lower performance than the full model (r = 0.22, p <
0.001; Fig. S1A). In contrast, the STN-cortex coherence model achieved a correlation comparable to
the full model (r =0.40, p < 0.001; Fig. S1C). Despite the relatively good prediction, the cumulative hit
ratio analysis did not indicate any ability to speed up the search for the optimal contact (Fig S1D),
emphasizing the advantage of combining STN power with STN-cortex coherence.
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Figure S1. STN-power-only and STN-cortex-coherence-only feature sets. A) STN-only set. Scatter plots displaying the
relationship between actual and predicted therapeutic windows for the leave-one-electrode-out approach. Grey shaded
areas represent 95% confidence intervals. B) STN-only set. Cumulative hit ratio for the model's ranking of DBS electrode
contacts (green) and the average hit ratio resulting from random ranking (black). The hit ratio at any rank, say 3, reflects the
fraction of electrodes for which the active contact got ranked 3rd or better. Grey shaded area represents mean + 1 standard
deviation. Asterisks (*) indicate above-chance performance (p < 0.05). C) Scatter plot for coherence-only feature set. D)
Cumulative hit ratio for coherence-only feature set.

We tested two further reduced feature sets that lacked some of the brain areas included in the original
analysis. The first area-reduced feature set included all brain areas except the cerebellum (Fig. S2A).
Feature selection was switched on, as in the original analysis. The second feature set, termed “ECoG”
set, comprised only STN power and STN-sensorimotor coherence (all frequency bands). We used it to
estimate the predictive power of a spatially restricted setup, mimicking the combination of STN
electrodes and motor cortical electrocorticography (Fig. S2B). Automated feature selection was
switched off. In both cases, the predicted therapeutic windows correlated significantly with the actual
therapeutic windows, but the hit ratio analysis did not indicate a capacity to accelerate the search for
the optimal contact (Fig. S2).
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Figure S2. Area-reduced feature sets. A,B) All features except cerebellum. C,D) “ECoG” feature set (STN and sensorimotor
cortex). See Fig. S1 for more explanations.

Interestingly, the algorithm relied much more on STN power features when excluding the cerebellum
(Fig. S3).
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Figure S3. Feature importance for the feature set lacking the cerebellum. The bar plot illustrates the importance of each
feature, grouped by brain region (indicated by colors) and frequency band (6, a, B, y, HFO). The height of each bar represents
the relative contribution of each feature. Feature importance was quantified by selection frequency across leave-one-out
cycles, normalized by the number of brain areas per lobe. Compare to Fig. 2 of the main paper.



Enhanced Feature Set

In order to test whether the addition of anatomical information would improve predictions we tested
an enhanced feature set that included the best-performing electrophysiological features (main paper,
Fig. 2A) and the distance of the contacts’ centre to a published anatomical sweet spot for STN DBS (x
= 12.58, y = -13.41, z = -5.87; Horn et al., Hum Brain Mapp 38, 3377-3390, 2017). This required
electrode reconstruction, conducted with LeadDBS (Horn & Kiihn, Neuroimage 107:127-135, 2015),
based on presurgical T1 and T2 MRI scans and postsurgical CT.

Fig. S4 illustrates the correlation between predicted and actual therapeutic windows without (Fig.
S4A) and with (Fig. S4C) the additional anatomical feature, as well as the cumulative hit ratios (Fig.
S4B and S4D).

A

leave-one-electrode out

=)
w
% 0.8/ r=0.51,p<0.001 100 B
£ RMS =0.45, MAE =0.37 —— g
S i - "
€ o . L 8 s o
g 0.4 ° 2 . [ ] 2 .
2 ' el S g | B &
s " . 2e® i/gr"" = 60 vy
g 00 R < 7
] 0 ST © e j% o, E 2 0 J £ model ranking
2 ,f’/u L 8 ® vy irandom ranking
—T g [ ] . = '
$ -04 tes Vo 2 /’
£ T 3 20| ¢
g
w
g -0.8 0
a -1.0 -0.5 0.0 0.5 1 2 3 4 5 6 7 8 9 10
true therapeutic window (normalized) contact rank
= leave-one-electrode out D
L
% 0.g| r=0.53,p<0.001 100 P
£ RMS =0.44, MAE = 0.36 : g
e o
S ' = T 2
< - £ 9 £ 80 * et
z 04 el 2 | 2 %
g ®gog : " o p i
g * [ S 60 fo‘
4= 1 8 = /!
o 0.0 " o < = a
<} R T ssh g a = model rankin
= ol b, ® . 5 / b= 9
a SENT @ ,° s 5 40| o oF mirandom ranking
o = o 3 s El /.
E -0.4 ] o't . = gl
s 2 20 ¢
3
=}
E -0.8 0
a -1.0 -0.5 0.0 0.5 1 2 3 4 5 6 7 8 9 10
true therapeutic window (normalized) contact rank

Figure S4. Enhanced feature set. A,B) Best-performing electrophysiological features. C,D) Best-performing
electrophysiological features plus distance to sweet-spot. See Fig. S1 for more explanations.

Linear Mixed Model

Pearson correlation, as used in the main performance analysis, treats the contacts as independent
samples and neglects their hierarchical structure. To confirm that this limitation does not confound
our interpretation, we used a Linear Mixed Model as an alternative performance measure, with the
following formula:

true ~ pred + (1|hemisphere)



where:
e true represents the actual therapeutic window.
e pred corresponds to the predicted therapeutic window.

e (1]hemisphere) is a random intercept for each hemisphere. Hemispheres are assumed to be
independent samples randomly drawn from a large population.

The results presented in Table S3 demonstrate a significant relationship between predicted and actual
values (B =0.312, p = 0.005), while accounting for repeated measures across hemispheres/electrodes.

Table $3. Fit results for the Linear Mixed Model estimating the relationship between predicted and actual therapeutic
window. The positive coefficient for pred indicates a significant relationship between predictions and actual values.

. ”_ 95% CI 95% CI
fixed effects  coefficient (B8) std. error z-value p-value ? ?
(lower) (upper)
intercept -0.012 0.048 -0.250 0.802 -0.106 0.082
pred 0.312 0.112 2793 0.005 0.093 0.532

random effects variance std. dev.

hemisphere

(intercept) 0.171 0.130
Reduced samples

In our train dataset, only 28 of 45 patients exhibited clear subthalamic power peaks in the beta range.
To investigate whether and how the presence of such a peak influences automated feature selection,
we repeated the feature selection process in the subset of patients exhibiting clear beta peaks. As
depicted in Fig. S5, this led to the selection of STN alpha and low-beta power instead of gamma and
HFO power, which were the most important STN features in the entire dataset.
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Figure S5. Feature importance depends on peak availability. A) Group-mean subthalamic power spectrum and standard
deviation (shading). All patients included. B) Feature importance. All patients included. C) As A), but includes only patients
with a clear subthalamic power peak. D) As B), but includes only patients with a clear subthalamic power peak.

Data Imputation

In this study, we replaced missing clinical or side-effect thresholds with the highest amplitude tested
to indicate that no side-effect or no clinical effect was observed up to that point. We acknowledge
that the true thresholds are not known in these cases, but we do know that they must actually be
larger than the highest amplitude tested. In order to investigate whether assuming higher thresholds
would affect our conclusions, we systematically increased the imputed values by 2mA in steps of
0.5mA and re-evaluated model performance in leave-one-electrode-out cross-validation. The
correlation between predicted and actual therapeutic windows was hardly affected by this change,
indicating that the exact value used for replacing missing values is not critical to model performance.

Table $4. Increasing the value used in data imputation did affect model performance. The correlation coefficient quantifies
the correlation between actual and predicted therapeutic windows in leave-one-electrode-out cross-validation.

value used for replacement Pearson correlation
max. amplitude tested 0.44
max. amplitude tested + 0.5mA 0.43
max. amplitude tested + 1.0mA 0.44
max. amplitude tested + 1.5mA 0.44
max. amplitude tested + 2.0mA 0.43

200
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4. Discussion

This dissertation addressed three interconnected objectives: demonstrating that
electrophysiological signatures can predict therapeutic windows from DBS electrode
contacts, curating a unique dataset to enable this analysis and validating the findings in an
independent cohort. Here I discuss the key findings and their implications, acknowledge
limitations of the current approach, and outline future directions for translating these findings
toward clinical application.

This dissertation presents a comprehensive investigation of electrophysiological signatures
in PD and their application for optimizing DBS therapy through machine learning
approaches. The work addresses the critical translational challenge of transforming
mechanistic understanding of parkinsonian network dysfunction into practical tools for
clinical decision-making. By leveraging simultaneous MEG and LFP recordings from the
STN, this research establishes that perioperative electrophysiological recordings contain

sufficient information to guide electrode contact selection.

Key Findings

The foundation of this work lies in the systematic curation of electrophysiological data.
Study 1 established a high-quality publicly accessible repository of simultaneous MEG and
LFP recordings from twenty PD patients during rest and motor tasks, in both medication-on
and medication-off states. The dataset is organized according to the BIDS standard with
comprehensive metadata and preprocessing pipelines (Rassoulou et al., 2024). This
addresses a fundamental challenge in the field: simultaneous cortical and subcortical
recordings are available in only a handful of specialized centers worldwide, and datasets of
sufficient quality for machine learning applications have been scarce. Beyond serving as the
foundation for the predictive modelling in Study 2, this dataset enables the broader
neuroscience community to investigate subcortico-cortical network dynamics, test
hypotheses about connectivity patterns, and develop analytical methods without requiring
access to the rare recording infrastructure. The dataset has already been used in two
independent studies (Kohl et al., 2025; Gerster et al., 2025), demonstrating its value that
extend beyond the scope of this thesis.

Building on this foundation, Study 2 provided the central proof-of-concept for this thesis:
that machine learning algorithms can predict the therapeutic window of individual electrode
contacts based on resting-state electrophysiological features. The model yielded reasonable
predictions, correlating with the actual outcomes in both the original cohort (» = 0.45, p <
0.001) and an independent validation cohort (» = 0.30, p < 0.001) (Rassoulou et al., 2025).
Importantly, the model successfully ranked electrode contacts such that the optimal contact
could be identified more efficiently than through random search, as demonstrated by
cumulative hit ratio analysis. This demonstrates that contact-specific neural signatures

measured from a brief resting-state recording contain information about therapeutic
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windows that can be extracted through machine learning without requiring systematic
stimulation testing.

A central finding from this work is the highly localized nature of these predictive signatures.
Our machine learning model using STN-power and STN—cortex coherence shows that
neighboring contacts only a few millimeters apart differ in predictive value for the
therapeutic window, indicating fine-grained spatial variation in oscillatory profiles and
connectivity along the electrode (Averna et al., 2023). Rather than merely confirming that
DBS depends on precise spatial targeting (Horn et al., 2017), these results demonstrate that
the functional "sweet spot" is also encoded in highly localized dynamics that can vary
significantly even within a correctly placed lead. The specific neural signatures at a given
contact may reflect its position relative to functionally distinct STN territories or its
proximity to white matter tracts that mediate therapeutic effects (Hacker et al., 2023;
Arroyave et al., 2016, Lin et al., 2020). Regardless of the precise mechanism, the contact-
to-contact variability in electrophysiological features provides a basis for data-driven contact
selection that complements anatomical targeting approaches.

A key neurophysiological insight emerging from this predictive modelling is the dissociation
between biomarkers of disease severity and biomarkers of therapeutic efficacy. Although
STN beta oscillations (13—30 Hz) are widely recognized as the hallmark of Parkinsonian
akinesia and rigidity (Neumann et al.; 2016; Neumann et al., 2017; Beudel et al., 2017), our
feature importance analysis revealed that they were not the primary drivers of the therapeutic
window prediction. Instead, the model relied heavily on STN high-frequency activity,
specifically in the high-gamma (60-90 Hz) and high-frequency oscillation (>200 Hz) bands.
Beta power is spatially broad and reflects the general pathological state of the motor network
(Bosboom et al., 2006). The therapeutic window, however, is determined by the electrode's
spatial proximity to the dorsolateral STN motor territory also known as the "sweet spot" for
stimulation (Horn et al.; 2017). High-frequency signals are more spatially confined than
lower-frequency rhythms (Maris et al., 2011), which probably makes them a superior
localization marker for the optimal stimulation site. This suggests that even though beta is
an excellent marker of the motor state, high-gamma and high-frequency oscillations are more
useful when it comes to determining the optimal target location (Colombo et al., 2025; Olaru
et al., 2025; Oehrn et al., 2024).

A key neurophysiological insight emerging from this predictive modeling is the dissociation
between biomarkers of disease severity and biomarkers of therapeutic efficacy. Although
STN beta oscillations (13—-30 Hz) are widely recognized as the hallmark of PD motor
symptoms (Neumann et al., 2016; Beudel et al., 2017), our feature importance analysis
revealed that they were not the primary drivers of the therapeutic window prediction.

Several factors likely explain this lower predictive ranking. First, beta power is spatially
broad and reflects a network-wide pathological state rather than a contact-specific
anatomical position. In contrast, the therapeutic window is determined by the electrode’s
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spatial proximity to the dorsolateral STN motor territory, often referred to as the "sweet spot"
(Horn et al., 2017). Because high-frequency signals are more spatially confined than lower-
frequency rhythms, they appear to be superior localization markers for the optimal
stimulation site (Maris et al., 2011; Colombo et al., 2025).

Second, the postoperative "stun effect" can temporarily reduce beta power during the
perioperative window, potentially masking its predictive value in some of our recordings.
Finally, the utility of beta as a predictor may be patient-dependent; in the subset of patients
with prominent, stable beta peaks, it did emerge as a more significant feature. Collectively,
these findings suggest that while beta is an excellent marker of the global motor state, high-
frequency oscillations provide the localized functional information required to determine the
optimal target location (Olaru et al., 2025; Oehrn et al., 2024).

Furthermore, the predictive power of the model was significantly enhanced by the inclusion
of network-level features, specifically STN-cortex coherence. This underscores that PD is
fundamentally a network disorder and that the efficacy of DBS relies on modulating
distributed circuits rather than solely suppressing local firing in the STN (Neumann et al.,
2023). The model identified functional connectivity between the STN and the cerebellum,
as well as the medial frontal cortex and temporal lobe as critical predictors. The involvement
of the cerebellum is particularly intriguing and aligns with the growing recognition of the
cerebello-basal ganglia loop in motor adaptation and parkinsonian tremor (Steina et al.,
2025). The fact that removing cerebellar features degraded the model’s performance
suggests that optimal DBS outcomes depend on how local stimulation propagates to, or
interacts with, broader motor control loops. This supports a view of DBS as a therapy that
restores functional equilibrium across a brain-wide network, rather than simply inhibiting a
focal pathological nucleus (Deniau et al., 2010; McIntyre & Hahn, 2010). Consequently, the
best contact would be the one that best engages and normalizes this broad, distributed
network (Kringelbach et al., 2011, Bai et al., 2022).

The integration of anatomical data further refined the predictions based on
electrophysiology. In Study 2, combining the distance to the anatomical sweet spot with
electrophysiological features yielded better performance than either modality alone. This
highlights that anatomy and physiology provide complementary information. Anatomical
imaging tells us where the electrode is located in physical space, while electrophysiology
tells us how the neurons at that location are functioning. The latter signal serves as a critical
functional indicator, especially in cases where brain shift or individual anatomical variability
renders traditional targeting ambiguous. Furthermore, oscillations may mark specific sub-
regions of the STN that are most affected by the disease process, such as areas with the
greatest dopamine depletion. Because these pathological hot spots may differ across patients,
electrophysiology remains a valuable asset for contact selection even when anatomical
information is technically perfect. Combining these multi-modal data streams within a

generalizable machine learning framework, which utilizes the same model for all patients,



31

will enable a transition toward the identification of optimal stimulation sites across diverse
individuals.

Implications

The primary implication of this work 1is establishing proof-of-concept that
electrophysiological signatures can inform DBS contact selection. This challenges the
traditional reliance on purely trial-and-error programming and demonstrates the feasibility
of data-driven approaches. However, it is important to emphasize what has and has not been
demonstrated. This thesis shows that prediction is possible and that validation in an
independent cohort suggests generalizability. It does not demonstrate clinical
implementation, nor does it prove that electrophysiology-guided programming outperforms
expert clinical programming in prospective trials. Such validation would require randomized

controlled trials comparing outcomes between standard and biomarker-guided approaches.

The finding that beta power was not the primary predictor in this dataset has implications
for contact selection strategies. While beta power has proven valuable for adaptive DBS
applications where real-time modulation tracks symptom fluctuations (Little et al., 2013), it
may be less informative for identifying optimal electrode locations. Future work should
investigate whether beta power becomes more predictive when measured later after surgery,
once the stun effect has resolved.

The machine learning approach is designed to capture robust patterns that generalize across
patient heterogeneity. Rather than requiring the development of individualized models for
every new case, our approach utilizes a single, generalizable model that has learned to weight
diverse electrophysiological features based on universal patterns identified in the training
data. This "one-model-fits-all" framework is particularly advantageous given the clinical
heterogeneity of PD, where patients differ in symptom profiles, disease duration, and
anatomical variability. By integrating multi-modal features rather than relying on a single
biomarker threshold, the model remains robust across these individual differences. This
transition from a rigid, threshold-based protocol toward a flexible, data-driven framework
enables a more precise identification of optimal stimulation sites that remains effective

across a diverse patient population.
4.1 Outlook

The findings presented in this dissertation open several promising avenues for the evolution
of DBS therapy, ranging from immediate changes in clinical workflow to the development
of next-generation adaptive stimulation protocols.

The most immediate translational avenue for this work lies in the development of algorithmic
decision-support systems for neurologists. In this envisioned clinical workflow, a patient’s
perioperative recordings would be processed automatically to generate a ranked list of



32

electrode contacts. The clinician would then begin testing with the highest-ranked contact.
If this contact proves satisfactory, the programming session could be concluded significantly
earlier, sparing the patient from exhaustive testing of suboptimal contacts. Otherwise, the
neurologist would proceed with the next contact in the list. Importantly, this approach does
not seek to replace clinical judgment or the neurologist’s expertise. Instead, it functions as a
triage tool, filtering the immense parameter space down to a manageable subset of options

thus reducing the time burden on patients and healthcare systems.

A critical step for widespread adoption will be transferring these predictive signatures from
complex MEG setups to more accessible recording modalities. MEG provided the whole-
brain resolution necessary for identifying relevant cortical nodes and showed promise in
optimizing DBS programming but it is not a standard clinical tool available only in
specialized research centers (Kariv et al., 2025). Future research must determine whether
coherence features derived from simultaneous STN-LFP and EEG carry predictive value
comparable to those obtained with MEG. Notably, Kato et al. (2015) already suggested that
EEG-based coherence can approximate MEG-derived measures, supporting the feasibility
of such an approach. Given that EEG is less expensive and widely available in neurological

clinics, it might facilitate a wider adoption.

Furthermore, the technological landscape of DBS is increasingly characterized by a
transition toward sensing-enabled pulse generators. This shift is currently spearheaded by
the Medtronic Percept, which remains the only commercially available system capable of

chronic LFP recording in a clinical setting (Goyal et al., 2021).

While the predictive models in this thesis were developed using perioperative externalized
electrodes, their clinical translation is intrinsically linked to the adoption of sensing-enabled
pulse generators. Crucially, the vast majority of DBS centers worldwide do not employ
externalization as part of their surgical workflow. In these standard clinical settings, sensing-
enabled devices represent the primary and often the only means of acquiring the
electrophysiological signals required for an initial data-driven contact selection. Validating
these signatures on data streaming from implanted devices is therefore the necessary bridge
to translate static contact selection into dynamic, long-term therapy management. By
confirming that these electrophysiological predictors remain stable over months or years, we
can enable the development of "auto-programming" features that not only select the optimal
contact at the start of therapy but also suggest parameter re-optimization as the patient's
disease state or medication requirements evolve. Ultimately, this would transform the DBS

system from a passive stimulator into an intelligent, longitudinal clinical monitor.

Beyond spatial optimization, the biomarkers identified in this work hold significant promise
for temporal optimization through adaptive DBS. Current adaptative DBS trials largely rely
on beta power as a control variable to adapt the amplitude of ongoing stimulation (Meidahl
et al., 2017; Neumann et al., 2023). However, our findings suggest that beta is not the only,

nor always the most reliable marker for defining the parameters required for maximal
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symptom relief. Although the ability of the features identified in this thesis to guide real-
time amplitude modulation cannot be directly inferred from this work, high-frequency STN
activity has been identified as a robust marker for adaptative DBS in other studies (Olaru et
al., 2025). For example, recent research on home-based adaptative DBS found that
stimulation-entrained gamma oscillations accurately reflect motor symptom fluctuations
(Oehrn et al. 2024). Consequently, an adaptive system could potentially be trained to
maintain the network in a state of high physiological coherence or to maximize specific
gamma dynamics, potentially offering superior symptom control compared to simple beta-

suppression strategies.

Additionally, future research should aim to refine the granularity of these predictions. The
current model predicts a composite therapeutic window, which effectively balances efficacy
against side effects. However, different patients prioritize different outcomes; for some,
tremor suppression is paramount, while others may prioritize the alleviation of rigidity.
Future iterations of this work could develop symptom-specific models, training separate
algorithms to predict the best contact for tremor versus rigidity. This would require larger

datasets with detailed symptom-specific outcome measures from monopolar reviews.

To further investigate the role of STN-cortex connectivity, I conducted a post-hoc analysis
to test whether the raw magnitude of coherence could differentiate between contacts with
the widest and narrowest therapeutic windows. This was motivated by the common
hypothesis that higher connectivity might serve as a straightforward, linear marker for
optimal stimulation sites. However, this comparison did not reveal significant differences in
raw coherence magnitude between the highest- and lowest-ranked contacts.

This finding suggests that the relationship between neural connectivity and clinical utility is
multi-variate and frequency-specific, rather than a simple linear correlation where "more"
coherence always equals a "better" contact. While this result does not allow for direct
inferences regarding the mechanism of action of DBS, it highlights that the information
predicting the therapeutic window is encoded in a complex functional signature that cannot
be captured by simple magnitude-based comparisons. The model’s success in utilizing these
features, despite the absence of raw magnitude differences, underscores the necessity of
using non-linear computational approaches to decode the functional state of the STN and its

surrounding networks.

Finally, the methodological pipeline established in this thesis is disease-agnostic. Similar
frameworks could be applied to other DBS therapy for disorders such as essential tremor,
dystonia, or obsessive-compulsive disorder (Herrington et al., 2016). By isolating the
specific network signatures predictive of efficacy in each condition, it would be possible to
move toward a generalized data-driven predictions guide neuromodulation across the entire

spectrum of brain disorders treated by DBS.
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4.2 Limitations

This work establishes a strong proof-of-concept for data-driven DBS contact selection, yet
several limitations must be acknowledged regarding the interpretability of the data.

The therapeutic window, while clinically important, does not comprehensively capture
treatment success. It reflects acute symptom response and side effect thresholds during
monopolar review but does not measure long-term quality of life, subjective patient
satisfaction, or effects on specific symptom domains like freezing of gait or speech. A
contact with a wide window for rigidity may not optimally address other symptoms. Future
studies should aim to predict long-term multidimensional outcomes rather than acute
thresholds alone.

From a machine learning perspective, the sample size was relatively small. Training non-
linear models on limited data increases overfitting risk, necessitating careful feature
selection and validation strategies. The successful validation on an independent cohort
significantly mitigates concerns that findings resulted from overfitting, but larger multi-
center datasets would enable more robust models with better generalization. Feature
importance rankings should be interpreted cautiously, as small datasets can be sensitive to
noise. The choice to use a relatively simple model (XGBoost) rather than deep learning
approaches was deliberate, favoring interpretability and avoiding overfitting given the

available sample size.

Machine learning models, particularly ensemble methods like XGBoost, are less
interpretable than simple linear models. Feature importance analysis reveals which signals
contribute to predictions but does not fully explain how the algorithm weighs complex
nonlinear interactions. This black box nature poses challenges for mechanistic understanding
and clinical trust (Kohler et al., 2025). However, the goal of this work was predictive utility
rather than mechanistic explanation of the algorithm. The model's value lies in
demonstrating that prediction is possible. Future work could explore more interpretable
model architectures or develop post-hoc explanation methods to enhance clinical acceptance.

4.3 Conclusions

This thesis demonstrates the feasibility of predicting DBS therapeutic windows from
electrophysiological signatures. By curating a high-quality dataset of simultaneous MEG
and LFP recordings, applying machine learning to identify predictive features, and validating
predictions in an independent cohort, this work establishes proof-of-concept for data-driven
contact selection. The findings show that brief resting-state recordings contain information
about therapeutic potential that can be extracted computationally, providing an objective
complement to trial-and-error programming approaches.
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These findings challenge the traditional reliance on beta power as the sole biomarker of
interest, demonstrating that a multi-feature approach provides a more comprehensive view
of the therapeutic landscape. More importantly, they provide the proof-of-principle that these
physiological signatures can be translated into predictive clinical tools. By validating that
machine learning can reliably identify useful contacts from brain recordings, this work lays
the foundation for a transition from empirical DBS programming to a data-driven precision
medicine. Ultimately, transforming these neural signals into clinical decisions promises to
make DBS more efficient, more precise, and ensuring that every patient receives the
maximum benefit from this effective therapy.
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