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Summary

Several theoretical models have been put forward to explain the coordination of different networks of
the nervous system during complex tasks such as locomotion, inhibitory control and decision making and
acting under conditions of uncertainty. The communication within and between brain networks is
thought to be supported by numerous brain rhythms of different frequencies that allow for the temporal
coordination and information exchange between different neural network nodes (Engel et al., 2010;
Singer, 1993). This communication is thought to be impaired in a number of neuropsychiatric and

neurological disorders such as Parkinson’s disease (PD).

Neural oscillations as measured by local field potential (LFP) recordings are a cardinal way to investigate
these processes (Buzsaki and Draguhn, 2004) and have become popular in the research on movement
disorders. Features of local field potentials are also debated as a biomarker for adaptive closed-loop
stimulation in PD (Cagnan et al., 2013; Johnson et al., 2016; Little et al., 2013; Tinkhauser et al., 2017a). It
is therefore imperative to describe the functionality of neural structures and networks that are targeted
by deep brain stimulation (DBS) as well as their malfunction during disease to fully understand the

complexity of biomarkers and to further improve DBS therapy.

To elucidate the functional role of oscillatory activity in the subthalamic nucleus (STN), a popular target
for DBS in PD, during locomotion and cognitive control, we conducted two studies in which we collected
electrophysiological recordings from patients with PD. In both studies, we asked whether and how
oscillatory signals are related to behaviour. In the first study, we collected STN-LFP during different gait
and resting scenarios. In the second study we collected STN-LFP from a fully implanted sensing
neurostimulator and parallel EEG recordings during a modified version of an Eriksen Flanker task

inducing different levels of perceptual and response conflict (Van Veen and Carter, 2005).

With our first study, we show that it is feasible to record neural activity from a sensing neurostimulator
in parallel with kinematic measurements in PD patients during walking and to detect gait-cycle related
changes in subthalamic oscillatory power (Hell et al., 2018b). We report that high beta frequency power
(20-30Hz) and bilateral oscillatory connectivity are reduced throughout the gait-cycle. Oscillatory
characteristics like burst shape, burst amplitude and burst duration are affected in a similar way. We
describe a reduction in overall high beta burst amplitude and burst lifetimes during gait as compared to
rest. Investigating gait-cycle related oscillatory dynamics, we found that alpha, beta and gamma
frequency power is modulated in time during gait, locked to the gait-cycle. We believe caution is

necessary when interpreting the origin of the signal modulations during gait and argue that our results
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show physiological effects as well as technical artifacts. We argue that beta suppression is most likely
related to neurophysiological processes while gait-cycle specific modulations of power across
frequencies are possibly related to movement induced artifacts. These issues have important

implications for similar research approaches.

With our second study, we report on the functional relevance of the STN during decision making under
conflict and its involvement in a larger network for cognitive control. We found that STN DBS generally
decreased reaction times but did not alter conflict related processing in our task. Drift diffusion
modelling hints that the decision threshold is altered by stimulation while drift rates are modulated by
stimulus conflict (Hell et al., 2018c). We suggest that the STN does not implement a stimulus-conflict
related inhibitory signal but rather a dynamic decision threshold. Our electrophysiological results extend
previous findings concerning the roles of subcortical and cortical low frequency oscillations (2 -6 Hz)
(LFO) and alpha/beta oscillations and their functional importance during responding under conflict and
provide new insights on the putative mechanisms involved in inhibitory control. We propose that
subthalamic activity as well as subthalamic-cortical oscillatory connectivity reflect an inhibitory control
and motor network with different oscillatory mechanisms. We further suggest that proactive as well as
reactive mechanisms and putative neural structures are involved in implementing a dynamic executive

control signal.
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1. Introduction

Deep brain stimulation via electrodes implanted deep in the brain is an established option for the
treatment of symptoms associated with several movement disorders like PD, essential tremor and
dystonia. These electrodes allow for the study of neural oscillations in humans even deep in the brain
and are a cardinal way to investigate neural processes underlying behaviour such as movement and

inhibitory control and their dysfunction during disease.

The ability to move is essential in our daily life, which we barely recognize until problems arise.
Locomotion is commonly executed with a high degree of automaticity and mostly without effort, once
learned. However, many different forms of locomotion such as walking require complex and coordinated
movements. The control of gait for example requires manifold interactions between different brain
regions, the spinal cord and muscles. This complex network is impaired at different stages in patients
with movement disorders such as Parkinson’s disease (PD). The physiological as well as the
pathophysiological neural processes associated with normal and abnormal movement can be

investigated by local field potential recordings from implanted DBS electrodes.

Inhibitory control is a vital executive function that is needed to suppress premature actions and to block
interference from irrelevant stimuli and is associated with functional imbalance between facilitation and
inhibition in the fronto-striatal networks (Jahanshahi and Rothwell, 2017). Part of this network is the
STN, a basal ganglia nucleus in which DBS electrodes are frequently implanted for alleviating the
symptoms of PD. By inhibiting the pallidial-thalamic-cortical loop via inhibitory connections to the GPi,
the STN is thought to suspend responses until sufficient information has been integrated. The exact
function of the STN in inhibitory control however remains debated (Bogacz and Gurney, 2007; Frank et
al., 2007; Herz et al., 2017). Patients with STN-DBS offer the rare chance to investigate the contribution

of the STN in inhibitory control.

Features of local field potentials are not only related to behaviour but are also linked to disease
symptoms and are debated as biomarkers for adaptive closed-loop stimulation in PD (Cagnan et al.,
2013; Johnson et al., 2016; Little et al., 2013; Tinkhauser et al., 2017a). In open loop DBS, which is the
current standard protocol, the stimulation parameters like stimulation frequency, amplitude and pulse
width are set by a clinician in a trial and error procedure and remain constant until manually updated,
irrespective of disease fluctuations. A major point of interest in DBS research therefore is to develop

more sophisticated strategies and automated algorithms on how to program and adjust stimulation
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parameters in a precise and effective manner. In an adaptive closed loop DBS system, a sensor
continuously records a feedback signal, a so-called biomarker, which should be correlated or causally
linked to a clinical symptom, and alterations in the biomarker should ideally predict alterations in disease
symptoms. With this information, adaptive closed loop DBS should adjust the stimulation based on the

evolution of such biomarkers.

To improve DBS therapy it is important to fully understand neural feedback signals. It is therefore
imperative to investigate the complex functionality of targeted neural structures and networks during

behaviour as well as their malfunction during disease.

1.1 Parkinson’s disease

Parkinson’s disease is the second most prevalent progressive disorder of the nervous system after
Alzheimer’s disease and strongly affects the motor system while often also being accompanied by a
spectrum of non-motor symptoms. PD has first been described by James Parkinson in 1807 and is
diagnosed based mainly on motor symptoms, although non-motor problems might be preceding those
years earlier (Tolosa et al., 2009). Slowing of movement (bradykinesia) and one or more of the following
symptoms: postural instability, rigidity or resting tremor, are obligatory for the diagnosis (Se, 1993). A
second step in the assessment of the disease is excluding other parkinsonian syndromes, such as
progressive supranuclear palsy (PSP), multiple system atrophy (MSA) or others, based on behavioural
assessment and neuroimaging results using dedicated tracer molecules. While PD is caused by a
pathological aggregation of a-synuclein forming Lewy bodies and Lewy-neurites (Braak et al., 2004) in
the nerve cells of select parts of the nervous system, MSA is linked to accumulation of a-synuclein within
glial cytoplasmic inclusions. PSP on the other hand, associated with severe impairments of postural
instability, is characterized by an accumulation of the tau protein within neurons and glia cells (Dickson,
2012), which can only be found after inspection of postmortal brain tissue. Furthermore, three additional
criteria such as a clinically beneficial response to dopaminergic medication and induction of dyskinesias
by levedopa, unilateral onset and persistent asymmetric manifestation of symptoms, support the

diagnosis (Hughes et al., 1992; Poewe et al., 2017).
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1.1.1 Aetiology and pathophysiology

The aetiology of PD is assumed to be multifactorial and thought to involve environmental as well as
genetic factors (Schapira, 2006; Schapira and Jenner, 2011). Several environmental toxins have been
shown to interfere with mitochondrial and proteasomal function, inducing oxidative stress, potentially
leading to nigral dopaminergic cell death (Schapira and Jenner, 2011). Different genes have been
discovered to be associated with inherited PD and genetic mutations have been found in parkin, UCHL1,
DJ1, PINK1, and LRRK2. Changes in and over expression of alpha-synuclein are associated with
mitochondrial defects and the formation of Lewy bodies, which are a hallmark of PD. Several altered
proteins and genes are involved in protein handling, dysfunction of mitochondria and response to
oxidative stress. Together they cause inflammatory processes that are thought to lead to cell dysfunction
and death by apoptosis or autophagy (Schapira, 2006).

While the underlying aetiology is multifactorial, the pathology is relatively well described. The basic
pathological process is the aggregation of alpha synuclein, a 14-kDa protein, in neural synapses
(Spillantini and Goedert, 2017). This pathological process is spreading slowly across the whole brain
(Braak et al., 2004) and causes death of nerve cells, predominantly in the substantia nigra, probably

+++

because of the high content of Fe™ in this region (Levin et al., 2011). The irreversible loss of
dopaminergic neurons is a hallmark of the disease (Petrucelli and Dickson, 2008), while an estimated
80% of dopaminergic cells in the nigro-striatal system are lost before the onset of the major motor
symptoms of PD (Cheng et al., 2010; Chung et al., 2001). Striatal dopamine depletion however is not the
only pathology, many studies have also shown that additional neural structures and neurochemical
systems such as the prefrontal cortex, the cerebellum as well as serotonergic, glutamatergic and
cholinergic systems are affected by the disease (Bohnen et al., 2013; Fox, 2013).

Changes on a macroscopic level are visible in imaging as well as neurophysiological measurements.
Neuroimaging studies report structural and functional changes in the motor system in subjects with non-
manifesting PD and Parkin gene mutation (Eimeren and Siebner, 2006). It has been reported that
different PD subtypes are associated with different structural as well as functional brain changes.
Tremor-dominant (TD) and akinetic-rigid (AR) subtypes are linked to different patterns of nigrostriatal
degeneration: TD is associated with less widespread pallidal and striatal dopamine depletion compared
to akinetic-rigid PD patients (Eggers et al., 2012, 2011; Schilaci et al., 2011). Both subtypes also do show

differences in intrinsic brain activity and functional connectivity for example in the default mode network

detected in resting-state MRI studies (Karunanayaka et al., 2016; Zhang et al., 2015).
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1.1.2 Motor and non-motor symptoms

PD is associated with primary and secondary motor symptoms. Primary symptoms include bradykinesia,
resting tremor, muscular rigidity, postural instability and secondary symptoms, which can occur later in
the course of the disease, including gait disturbance like freezing of gait (sudden inability to make a
step), problems with writing (micrographia), precision grip impairments and speech problems (Kalia and
Lang, 2015; Lees et al., 2009; Moustafa et al., 2016). There are three subtypes of idiopathic Parkinson’s
disease described in the literature, namely the akinetic-rigid type, the tremor-dominant type and the
mixed type. As a fourth subtype, monosymptomatic rest tremor is discussed (Postuma et al., 2016,
2015). While patients with tremor-dominance mainly show resting tremor, subjects with an akinetic-rigid
syndrome are mainly affected by bradykinesia and rigidity, causing problems during locomotion and
especially during gait (Thenganatt and Jankovic, 2014). Many patients however show both tremor as well
as bradykinesia/rigidity and are categorized under the label equivalent/mixed type (Eggers et al., 2012;
Jankovic et al., 1990).

It has been suggested that in PD the control of habitual behaviour is more severely impaired, while the
control of goal directed actions is preserved (Redgrave et al., 2010). Patients in the early stages of the
disease often show impaired performance when carrying out normal automatic and habitual
components of actions like fingertapping, blinking, pacing of gait or the modulation of speech (Marsden,
1982). These problems might be explained by the observation that the loss of dopamine in PD
predominantly affects the posterior putamen, a region involved in the control of habitual action, while
processing in the rostromedial striatum, which mediates goal directed behaviour (Gurney et al., 2001), is
preserved in comparison. Behavioural problems during locomotion might therefore reflect a loss of
normal automatic control (Redgrave et al., 2010).

Different studies also suggest that many primary and secondary symptoms are correlated. For example,
speech and hand movement impairments are reported within the same patients (Skodda et al., 2011;
Vercruysse et al., 2012). Speech and gait impairments correlate (Cantiniaux et al., 2010; Nutt et al., 2011)
and micrographia and primary motor symptoms are also reported within the same patients (Wagle
Shukla et al., 2012). Moreover, different symptoms such as micrographia and gait benefit both from cues
such as lines (Cantiniaux et al., 2010; Nutt et al., 2011). A single case study reports a patient with both
micrographia and hypophonia, suggesting that the reduction in speech volume and handwriting size may
have common neuronal underpinnings (Sekar et al., 2010). Confirming interdependencies between
symptoms, a study found that motor blockings such as freezing of gait and stuttering correlate in PD
patients, also suggesting common neural substrates (Morgante et al., 2013). It has also been reported

that complex motor symptoms such as freezing of gait and speech problems are only partly responsive to
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levodopa medication while motor symptoms like rigidity and bradykinesia can effectively be treated with
dopaminergic medication. These correlations might be explained by the hypothesis, that complex motor
behaviours underlying locomotion, speech or handwriting, are based on the integration of different
elemental motor processes (Moustafa et al., 2016). Future theoretical and experimental studies will aim
at clarifying how exactly the different brain regions interact to produce different basic motor commands
which together yield complex locomotion and how abnormal communication between them is related to
different movement disorder symptoms.

Although PD is primarily characterized as a movement disorder, it is associated with a wide range of non-
motor symptoms, which lead to severe disabilities and a strong reduction in the quality of life, especially
in advanced stages of the disease. Several impairments are reported to accompany PD, including
worsening of verbal fluency (Hgjlund et al., 2017), olfactory dysfunction, dysautonomia, mood and sleep
disorders (Tolosa et al., 2009), sensory dysfunction with hyposmia or pain, dementia and cognitive
dysfunction, hallucinosis (Poewe, 2008) and deficits in inhibitory control. Patients most commonly
affected by impulse control disorders (ICD), such as pathologic gambling and hypersexuality, are most
often males who develop PD at a younger age, and those with a previous history of mood disorder,
alcohol abuse, or obsessive-compulsive disorder. In particular, dopamine agonists, which are widely used
to treat the dopaminergic deficit of these patients, are associated with the development of such
nonmotor symptoms (Seeman, 2015; Stamey and Jankovic, 2008) and several studies could show that
dopamine agonist treatment is associated with increased odds of having an ICD (Garcia-Ruiz et al., 2014;
Weintraub et al., 2010). Some studies suggest that reducing medication after STN DBS may be the main
factor in improving ICDs. Lees et al report that all patients who were treated with a dopamine agonist
gathered significantly less information and made more irrational decisions, regardless of whether they
underwent DBS treatment (Lees et al., 2013). Another group reported that ICDs were abolished 3 years
after STN DBS surgery and after dopamine agonist dosages were lowered, confirming the role of

dompamine in ICDs (Amami et al., 2015).
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1.1.3 Treatment

Motor symptoms can be treated by dopaminergic substances, resulting in the reduction of the cardinal
motor symptoms. Levodopa, a precursor of dopamine, is the most common initially used medication for
PD. However, after a normally satisfying early response, medication has to be increased with disease
progression, which is accompanied by reduced dopamine storage capacity. The changes in the response
to the medication can induce fluctuations of mobility (on-state, off-state), involuntary movements
(dyskinesias) and other motor complications. Additionally, monoamine oxidase type B inhibitors
(Selegelin), catechol-O-methyltransferase inhibitors (Entacapone, Tolcapone) or the NMDA receptor
antagonist amantadine and dopamine receptor agonists (Pramipexol, Rotigotin, Ropinirol) can be used to
manage symptoms until non-dopamine-responsive symptoms (i.e. falls or dementia) prevail (Jankovic
and Stacy, 2007).

In contrast to the classical trias of rigidity, bradykinesia and tremor, several motor as well as non-motor
symptoms (falls, freezing of gait, speech problems, olfactory loss, dementia) are often only poorly
responsive to treatment with dopaminergic medication (Chaudhuri et al., 2006). While dopaminergic
medication can ameliorate depression or anxiety, other neuropsychiatric symptoms such as psychosis or
impulse control disorders can be induced or worsened by dopaminergic agonists (Schaeffer and Berg,
2017).

When pharmacological intervention starts to become ineffective and induces side effects, neurosurgery
is considered as a treatment option. Several surgical approaches have been used over the years. The first
surgical approaches were brain lesioning procedures starting with undercutting motor fibres in the
cervical spinal cord for alleviation of tremor (Walker, 1952). With the advent of stereotactical planning of
targeting brain areas, thermocoagulation of thalamic areas to alleviate tremor was introduced by Hassler
in the 50ies of the last century (Hassler and Riechert, 1955). A novel technique based on MRI-guided
focused ultrasound is now being used as a “minimally-invasive” surgical technique to induce lesions and
surgically treat tremor (Fasano et al., 2017). However, as lesioning introduces irreversible damages to
the brain, this type of surgery has been largely replaced by deep brain stimulation surgery. DBS surgery
was introduced by the neurosurgeon Benabid and the neurologist Pollak in the 90ies of the last century
(Benabid et al., 1991) and has developed into an established option for the treatment of movement
disorders, including essential tremor, Parkinson’s disease and dystonia and other neurological disorders
like epilepsy and neuropathic pain, and is being investigated for psychiatric disorders, i.e. depression,

obsessive-compulsive disorder and Tourette syndrome.
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DBS surgery involves implantation of electrodes into one of several target regions and applying electrical
current pulses, typically at 130 Hz, that are generated by a subcutaneous impulse generator. In
comparison with lesioning approaches, DBS surgery does not or only minimally destroy brain tissue.
Instead it modulates the function of the target region by applying electrical current to the area (Ashkan
etal., 2017).

Electrical stimulation has been thought to introduce a virtual lesion of the specific brain area, while
putatively preventing pathological circuit hypersynchrony and therefore alleviating clinical symptoms
(Jenkinson and Brown, 2011). The exact mechanisms of DBS however remain debated. DBS was shown to
alter beta band activity within the basal ganglia-cortical network, decreasing the amplitude of these
oscillations (Oswal et al., 2016). DBS likely not only affects neuronal firing and oscillations but also
neurotransmitters (Benabid et al., 2009). DBS also seems to act over multiple timescales. The effects of
DBS on tremor for example are immediate, while the effects on dystonia emerge over several weeks,
suggesting that not only local processing is disrupted, but that also large networks are affected (Ashkan
et al,, 2017). Recent reviews propose that DBS likely acts through multimodal, nonexclusive mechanisms
including immediate neuromodulatory effects on local and network-wide electrical and neurochemical
properties, synaptic plasticity and long-term neuronal reorganization, potentially also providing
neuroprotective effects and leading to neurogenesis (Ashkan et al., 2017; Chiken and Nambu, 2015,
2014; Herrington et al., 2016).

In movement disorders like PD, the DBS electrodes are most often implanted in the basal ganglia
thalamo-cortical loop, especially in the STN, globus pallidus pars interna (GPi) and thalamus (Chiken and
Nambu, 2014). Other nuclei like the pedunculopontine nuclei (PPN) have been targeted in PD patients
with freezing of gait (Follett and Torres-Russotto, 2012). A recent meta study however found no
conclusive improvements in freezing of gait with PPN DBS, although a significant improvement in
postural instability and motor symptoms of Parkinson disease are reported (Golestanirad et al., 2016).
Also recently, stimulation of the substantia nigra (SN), which is located ventrally and medially to the STN,
has been explored. One study reports that STN-DBS at 130 Hz in PD patients via the most distal contact
of the electrode resulted in an improvement of gait and posture (Chastan et al., 2009). Subsequently,
Weiss et al. used interleaving to stimulate both the STN and the substantia nigra pars reticulate (SNr) and
found that freezing of gait was significantly improved compared to STN-DBS, although other axial
symptoms did not significantly differ (Weiss et al., 2013).

To achieve the best clinical outcome, stimulation parameters are commonly determined empirically.
Previous studies investigating the specific contribution of stimulation amplitude, frequency and pulse

width found that manipulating the amplitude had the greatest effect on ameliorating PD motor signs
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relative to energy-equivalent changes in frequency and pulse width. Sauleau et al. found that the mean
threshold for disappearance of wrist rigidity was 0.94V (at 130 Hz stimulation frequency and 100 pus pulse
width) (Sauleau et al., 2005). Another study confirms these findings and reports that the amplitude
required to ameliorate wrist rigidity with STN-DBS ranges from 0.7 to 1.7 mA (Rizzone, 2001), while in yet
another study, a stimulation amplitude of 3 V and higher provided a consistent motor improvement
(Moro et al., 2002).

STN-DBS with stimulation frequencies of 50Hz and 130Hz is reported to improve tremor, rigidity and
bradykinesia and frequencies of less than 50Hz have been shown to have no beneficial effect on motor
symptoms (Rizzone, 2001). Compared with no stimulation, very low frequencies of 5-10 Hz have been
reported to worsen motor symptoms, in particular bradykinesia and to a lesser degree tremor
(Miocinovic et al., 2014; Moro et al., 2002; Timmermann et al., 2004). Rizzone et al. report no significant
improvement at above 185 Hz for neither target symptom, although other reports suggest that tremor
tends to respond to a higher frequency (Miocinovic et al., 2014).

Pulse widths between 60 ps and 210 us are reported to improve tremor control and rigidity, while
bradykinesia was only significantly reduced at 60 ps. Stimulation with high pulse widths (> 210 ps) was in
general not well tolerated (Moro et al., 2002). Decreasing the standard pulse width represents an
alternative strategy for DBS programming. For example, Reich et al. investigated pulse widths of less
than 60 ps at a fixed frequency of 130 Hz and found that the therapeutic window increased by a mean of
182% with at a pulse width of 30 us, and decreased by 46% with a pulse width of 120 pus compared to
stimulation with 60 ps pulse width (Reich et al., 2015). These effects are thought to be due to a more
selective action of stimulation with lower pulse width on the fibre tracts that are responsible for
symptom relief, while the neighbouring corticospinal and corticobulbar fibres are thought to be less
affected.

Although the effects of DBS on Parkinsonian symptoms and quality of life are generally satisfying
(Deuschl et al., 2013), the clinical outcome may vary between patients (Merola et al., 2011) and side
effects can be induced (Hgjlund et al., 2017), probably also due to the stimulation of different functional
pathways or nearby structures. DBS has several advantages over other surgical procedures but the
setting of DBS parameters to optimize therapy is time-consuming and will likely get more complicated
with new technological developments, introducing an ever increasing combination of parameters like

pulse duration, stimulation frequency, stimulation contacts and so forth.
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1.1.4 Neural mechanisms of PD

At the physiological level, oscillators do a great service for the brain: they coordinate or “synchronize” various
operations within and across neuronal networks. Syn (meaning same) and chronos (meaning time) together make
sure that everyone is up to the job and no one is left behind, the way the conductor creates temporal order among
the large number of instruments in an orchestra. A close view of Seiji Ozawa at the end of a concert, sweat falling
from his face, is proof that conducting an orchestra is a physically and mentally demanding job. In contrast, coupled
oscillators perform the job of synchronization virtually effortlessly. This feature is built into their nature. In fact,
oscillators do not do much else. They synchronize and predict. Yet, take away these features, and our brains will no
longer work. Compromise them, and we will be treated for epilepsy, Parkinson’s disease, sleep disorders, and other
rhythm-based cognitive maladies.

Gyorgy Buzsaki, Rhythms of the Brain

Oscillatory rhythms are an essential part of normal brain function, however, when these rhythms change
during disease, i.e. get exaggerated, unique oscillatory patterns can arise which are associated with
specific behavioural deficits. Tremor is associated with increased LFP power in basal ganglia nuclei at
individual tremor frequency (around 5 Hz) and cortical power decreases in the beta band (13-30 Hz),
while STN-cortical, cortico-muscular and STN-muscle coherence is reported to be increased during
tremor, specifically at tremor frequency (Hirschmann et al., 2013; Tass et al., 2010). It has also been
shown that during tremor, gamma power is increased and beta power is decreased, probably reflecting
movement related frequency modulations. Confirming the causal relevance of neural tremor frequency
oscillations, studies found that DBS at tremor frequency induces behavioural tremor (Barnikol et al.,
2008). Akinetic-rigid symptoms by contrast are reported to be correlated with beta power increases
across subcortical and cortical sites in human patients (Hammond et al., 2007; Kiihn et al., 2006; Mallet
et al., 2008; Moran et al., 2011; Neumann et al., 2016; Sharott et al., 2005) as well as in animal models of
parkinsonism (Costa et al., 2006; Mallet et al., 2008; Sharott et al., 2005). Studies in which either cortical
or subcortical sites have been stimulated in the beta frequency range reportedly induced bradykinesia
(Eusebio et al., 2008; Little and Brown, 2014). Beta oscillations are also reported to be attenuated by
STN-DBS in a stimulation intensity dependent manner and are reduced in amplitude after levodopa
intake (Kihn et al., 2008; Oswal et al., 2016; Quinn et al., 2015; Trager et al., 2016; Weiss et al., 2015).

Neuronal circuit dysfunction is the origin of many symptoms of neurological disorders. Commonly, it has
been assumed that bradykinetic PD symptoms are related to an imbalance between the direct and
indirect pathways of the basal ganglia (Albin et al., 1989; Frank, 2005) which lead to the generation of
abnormal synchronous oscillations (hypersynchrony) throughout the basal ganglia circuit (Humphries et

al., 2006; Kumar et al., 2011; Lindahl and Hellgren-Kotaleski, 2016).
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However, the origin of pathological oscillations and the exact relation between dopamine, beta and
motor function remain debated (Beck et al., 2016; Cole et al., 2017; Lienard et al., 2017; McCarthy et al.,
2011; Moran et al., 2011; Pavlides et al., 2015; Yang et al., 2014). Several hypotheses for the origin of the
hypersynchronous beta-band oscillations (Jenkinson and Brown, 2011) are discussed in the literature
(Humphries et al., 2018). One popular candidate is the negative feedback loop between the STN and the
external globus pallidus (GPe). It has been proposed that strengthening of the input to the pallidum from
D2-receptor striatal projection neurons (Gillies et al., 2002) might shift the loop from a stable to an
oscillatory state. Another possible mechanisms could be that the connections between the STN and GPe
are strengthened, because pre-synaptic D2 receptors, that normally prevent transmitter release in both
nuclei, are no longer activated due to dopamine depletion (Humphries et al., 2006). A third hypothesis
targets changes within the striatum. Damodaran, Corbit and colleagues (Corbit et al., 2016; Damodaran
et al.,, 2015) propose that a change in the balance of D1 and D2 projection neuron activity due to
dopamine depletion is compensated by changes in the behaviour of fast-spiking striatal interneurons,
which in turn causes entrainment of projection neurons to interneuron output within the beta-band.
Another hypothesis proposes that (aberrant) beta-band oscillations are not caused in a single loop but
rather in the full cortical-basal ganglia-thalamic-cortical network, as dopamine depletion leads to an
imbalance between different pathways (e.g. hyperdirect and direct pathway) (Kumaravelu et al., 2016;
Leblois, 2006; Pavlides et al., 2015).

The heterogeneity of empirical results and modelling approaches to explain pathological oscillations
reflects the complexity of the underlying circuit and hints at a still very basic understanding of the

underlying system and the dynamics that are associated with clinical symptoms.
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1.2 Human locomotion and locomotor control

Walking is a paradigmatic and clinically relevant example of complex and coordinated human
locomotion. Human gait can be described as a periodic succession of symmetric and alternating
movements of both legs. There are several basic processes reported to contribute to the impaired
performance of patients with Parkinson’s disease during locomotion. Problems during locomotion arise
due to deficits to initiate, modulate and scale movements (Jackson et al., 2000; Majsak et al., 1998;
Morris et al., 1994a), insufficient activation of leg extensor muscles (Dietz and Colombo, 1998), deficits in
upper and lower limbs and interleg coordination. PD patients also frequently show reduced armswings
(Carpinella et al., 2007; Dietz and Michel, 2008; Plotnik et al., 2007), abnormal postural reactions and
poor adaptation to environmental cues due to impaired proprioceptive feedback (Benecke et al., 1987a,

1987b; Rogers, 1996).

1.2.1 Gait cycle and analysis

Figure 1 represents the different phases and events that together describe the gait cycle. The gait
cycle begins with the initial contact (IC), when the heel strikes the ground. In this phase, both feet are on
the ground (double support). At the beginning of this phase, knees are fully extended and a hip flexion of
about 30 degrees can be observed. Then the ankle moves from a neutral position into plantar flexion,
enabled by eccentric contraction of the tibilias anterior muscle. This phase is followed by concurrent
knee and heel plantar flexion increases, while the extension of the knee is driven by a contraction of the

quadriceps and knee flexion by contraction of the hamstrings (Loudon et al., 2008).
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Figure 1. lllustration of the gait cycle. The gait cycle begins with the double support phase, initiated by the
initial contact of the heel and ends with the terminal contact of the toes, at which time the swing phase begins,
which ends with the initial contact of the same heel, completing the gait cycle for one leg. Adapted with

permission from Wolters Kluwer Health, Lippincott Williams & Wilkins, 2011.

The initial contact is followed by the loading response, in which the body absorbs the impact of the initial
contact by rolling into pronation, while the hip moves into extension, driven by contraction of the
gluteus maximus and adductor magnus muscles. This is accompanied by increasing knee and plantar
flexion up to 20 degrees and 15 degrees respectively (Shultz et al.,, 2005). The loading response is
followed by midstance and terminal stance. During the midstance phase in which the body is only
supported by one leg, the hip moves from flexion to extension via contraction of the gluteus maximus,
while the knee begins to extend after reaching maximal flexion and the ankles become supinated and
dorsiflexed (Loudon et al., 2008).

The stance phase ends with the terminal contact (TC), when the heel leaves the floor and concludes with
the pre-swing phase, in which the toe leaves the ground. During the stance phase the hip is
hyperextended, then goes into flexion and becomes less extended in the pre-swing phase. The knee
becomes increasing flexed and plantar flexion of the ankle increases throughout both phases (Loudon et
al., 2008; Shultz et al., 2005). The terminal contact is followed by initial swing, midswing and finally
terminal swing, completing the gait-cycle. Beginning with the initial swing phase, the hip first extends
about 10 degrees, followed by flexion up to 30 degree in the midswing phase, supported by contraction
of ilipopsoas muscles and adductors. The knee initially flexes up to about 60 degrees, then extending
about 30 degrees, while the ankle goes from about 20 degrees of plantar flexion to dorsiflexion, ending

in a neutral position (Loudon et al., 2008; Shultz et al., 2005).
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With small inertial sensors (accelerometers and gyroscopes) it is possible to record kinematic
parameters, which can be later used to reconstruct the limb trajectory (Figure 2). To reproduce the gait-
cycle, events such as the initial and terminal contact of the foot (IC, TC) have to be reconstructed from
the recorded kinematic signals. The IC for example causes a sharp transient in the signal of the shank
accelerometers as well as a clearly recognizable trough in the gyroscope signal curve. This trough
represents the initial contact as confirmed by recordings from pressure-sensitive soles (Figure 2 upper
panel, left depiction). The TC can be pragmatically defined as the point midway between trough and
zero-crossing before the point of peak velocity at the moment when the gyroscope trace crosses the

midline, i.e. when the direction of rotation changes (Botzel et al., 2016).
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Figure 2. lllustration of kinematic measurements: Using gyroscopes and sole pressure sensors to reconstruct
the gait cycle. Sole sensor pressure (A,C; the four coloured traces represent four pressure-sensitive elements in
the sole; the purple trace represents the heel sensor, which is the first to signal the heel contact, the red trace
represents the big toe sensor and the blue and yellow trace represent first and fifth metatarsals sensors) and
shank rotation velocity (B, D) of left and right foot respectively. A & B show the determination of the initial
contact in the shank rotational velocity (B), confirmed by the curves of the pressure sensitive sole (A). C & D
show the determination of the terminal contact (‘heel-off’) point in the curves of the pressure sensitive sole (C)

and shank rotational velocity (D). Adapted with permission from (Botzel et al., 2016).
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1.2.2 Neural mechanisms for locomotion and locomotor control

Movement is thought to be initiated, maintained and controlled by a complex hierarchical system (la
Fougeére et al., 2010; Takakusaki et al., 2004). A large body of research suggests that motor commands
are initiated and controlled by a brain network consisting of forebrain regions like the motor cortex,
thalamus, basal ganglia, midbrain areas like the mesencephalic locomotor region (MLR) and hindbrain
regions like the cerebellum and the pons reticulospinal and sent down to spinal networks consisting of
central pattern generators (CPG) (Figure 3). Each level of this hierarchy also receives and transmits
peripheral sensory feedback, which in turn modifies the output at the same and upstream levels (Brown,

1912; Goulding, 2009; Koch et al., 2017; Sherrington, 1923; Tresch et al., 1999).
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Figure 3. Organization of the locomotor system in vertebrates. Motor pathways in aquatic and terrestrial
vertebrates share a similar neuroanatomical structure. Local control of muscle movements is affected by pools of
motor neurons in the spinal cord that are part of a dispersed locomotor CPG network. The motor commands are
modulated by proprioceptive sensory feedback via sensory afferents. Descending reticulospinal, rubrospinal and
vestibulospinal pathways control the locomotor network in the spinal cord, although the reticulospinal pathway is
the primary pathway for initiating locomotion. The reticulospinal pathway can be activated by the mesencephalic
locomotor region (MLR), which has inputs from the basal ganglia and thalamus. The cerebellum coordinates motor
behaviors by mediating sensory and internal feedback and optimizing the motor pattern to the task at hand. It also
coordinates spinal motor actions with the supraspinal motor pathways. Connections from the motor cortex refine
and initiate motor actions. The black lines indicate direct command pathways, the grey lines indicate feed-back

pathways. VS, vestibulospinal; RbS, rubrospinal. Adapted with permission from (Goulding, 2009).



25

Research suggests that the coordinated and alternating movements of both legs in primates and humans
during gait are at least partly driven by spinal CPG networks (Kandel et al., 2000). The CPG network can
be described as coupled antagonist oscillators connected to different extensor and flexor muscles
(Figure 4). This network is responsible for the generation of the rhythm that shapes the activity of
motorneurons (Duysens and Van de Crommert, 1998; Grillner, 1985; ljspeert, 2008; Marder and

Bucher, 2001) and is able to produce simple and coordinated rhythmic movements like walking.
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Figure 4. Model of the different pathways indicating how afferents can act on the central pattern generator
(CPG) during the stance phase of locomotion. The CPG contains a mutually inhibiting extensor and flexor half-
center (EHC and FHC, respectively). During the stance phase, the load of the lower limb is detected by group |
extensor muscle afferents and group Il (low threshold) cutaneous afferents, which activate the EHC. In this way,
extensor activity is reinforced during the loading period of the stance phase. At the end of the stance phase, group
la afferents of flexor muscles excite the FHC (which inhibits the EHC) and, thereby, initiate the onset of the swing

phase. Adapted with permission from (Van de Crommert et al., 1998).

Arguments in favour of a CPG network come from various experiments with cats and primates with a
complete or partial transaction of the spinal cord , who show partially intact movement patterns during
walking (Duysens and Van de Crommert, 1998; Nielsen, 2003). Further evidence comes from electric
spinal cord stimulation experiments in various vertebrates, which could induce locomotor activity
regardless of injuries to the spinal cord (Dorofeev et al., 2008; Duysens and Van de Crommert, 1998;
Gerasimenko et al., 2000, 2003). Electromyography (EMG) of myotomes at different axial levels does

show slow patterns of rhythmic motor activity, even in animals with isolated spinal cords (Figure 5)
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(Orlovsky et al., 1999). The existence of a human CPG is supported by the observation that patients
with complete and partial spinal cord injuries do show spontaneous leg movements (Calancie et al.,
1994; Kuhn, 1950). Periodic leg movements have also been described during sleep, even in patients

with complete spinal lesions (Coleman et al., 1980; Lugaresi et al., 1986).
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Figure 5. Rhythmic motor patterns underlying vertebrate locomotion. (a) Examples of spinal motor activity during
swimming in the lamprey. (Top) Electromyograph (EMG) recordings of different myotomes at located at different
axial levels. (Bottom) Ventral root recordings from the isolated spinal cord exhibit a slow pattern of rhythmic motor
activity. (b) Walking motor behaviour. (Top) EMG recordings showing muscle activity in the cat hindlimb. (Bottom)
Isolated mouse spinal cord preparation. Electroneurogram (ENG) recordings from L2 and L5 ventral roots following
the induction of walking by NMDA and serotonin (5-HT). The ENG traces give a measure of flexor-related (L2) and

extensor-related (L5) motor activity. Adapted with permission from (Orlovsky et al., 1999).

Although a feedback driven central pattern generator network provides a mechanism for the
generation and maintenance of locomotion, cortical and subcortical areas play an important role in
the initiation and control of human gait (Rodriguez-Oroz et al., 2009; Yang and Gorassini, 2006).

Evidence for the involvement of mid- and hindbrain structures comes from various experimental
studies in animals as well as in humans. Clinical studies show, that patients with lesions at supra-

spinal regions of the CNS never fully recover their walking abilities. This underlines the importance of
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cerebral control of locomotion in humans. Lesion studies show that most animals lose their ability to
initiate movements after spinal cord transection. Lesions at different levels of the spinal cord suggest
that regions for the initiation of movement are most likely located at supra-spinal levels in the brain
stem (Whelan, 1996). Shik and colleagues (Shik et al., 1966) discovered that electrically stimulating a
region in the brainstem between the midbrain and hindbrain, now called the mesencephalic locomotor
region, initiates rhythmic locomotion patterns. They also showed that manipulating the strength of the

stimulation could induce differences in walking speed.

_Thala

Putamen

C{

Figure 6. The motor circuit and its somatotopic organization. The motor circuit (indicated by red arrows
connecting the regions that modulate leg movements) is somatotopically organised throughout the loop, with
the regions representing leg movements lying dorsal and medial, those representing face movements lying
ventral and lateral, and those representing arm movements lying in-between. The somatotopic arrangement of
the primary motor cortex is generally maintained in the striatopallidal and subthalamic nuclei. GPe: globus
pallidus pars externa. GPi: globus pallidus pars interna. STN: subthalamic nucleus. Adapted with permission

from (Rodriguez-Oroz et al., 2009).

The forebrain motor circuit is thought to be somatotopically organized across the whole cortical-basal
ganglia loop including motor cortices, putamen, pallidum, subthalamic nucleus and thalamus (Figure
6) (Rodriguez-Oroz et al., 2009). Experiments exploiting transcranial magnetic stimulation in humans
confirm that the motor cortex is involved in activating the dorsiflexor and plantarflexor muscles
during walking (Petersen et al., 2001). Functional neuroimaging studies in humans have demonstrated

the existence of a supraspinal sensorimotor network for the neural control of locomotion in humans and
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show that the primary motor cortex is recruited during rhythmic foot movements (Dobkin et al.,
2004). Activations are also reported in the frontal cortex, cerebellum, pontomesencephalic tegmentum,
parahippocampal, fusiform and occipital gyri, accompanied by deactivations in superior temporal gyrus

and inferior parietal cortex (Figure 7) (la Fougére et al., 2010) during real and imagined movement.

Figure 7. Comparison of real ([18F]-FDG-PET) and imagined locomotion (fMRI). Sagittal midline and render views
are shown. It can be seen that during real locomotion the primary motorsensory cortices (pre- and postcentral gyri)
are active (left) as compared to the supplementary motor areas (superior and medial frontal gyri) in mental
imagery of locomotion (right). Furthermore during imagined locomotion the basal ganglia (caudate nucleus,
putamen) are active, which is not the case for real locomotion. Adapted with permission from (la Fougére et al.,

2010).

When comparing real and imagined movement, researchers found activation in the primary motor
cortex primarily during real locomotion, while supplementary motor areas and basal ganglia activations
were found during mental imagery. It has been suggested that these differences could reflect two
complementary networks. A network for the modulation and control of locomotion, including premotor
and basal ganglia areas, which is activated during imagined movement, and a network responsible for
the execution of continuous locomotion, including the primary motor cortex (Figure 8) (la Fougére et al.,

2010). Together they are thought to be responsible for controlling e.g. gait initiation and termination,
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velocity and spatial orientation while integrating information from sensory feedback (Castermans et al.,
2013).

Spinal CPG Spinal CPG

Figure 8. The “executive” (left) and “planning” (right) network of locomotion. Execution of locomotion in a non-
modulatory steady state (left side) goes from the primary motor cortex areas directly to the spinal central pattern
generators (CPG), thereby bypassing the basal ganglia and the brainstem locomotor centers. A feedback loop runs
from the spinal cord to the cerebellum and thereby via the thalamus to the cortex. For planning and modulation of
locomotion (right side) cortical locomotor signals originate in the prefrontal supplementary motor areas and are
transmitted through the basal ganglia via disinhibition of the subthalamic locomotor region (SLR) and
mesencephalic locomotor region (MLR) where they converge with cerebellar signals from the cerebellar locomotor
region (CLR). The MLR functionally represents a crosspoint for motor information for basal ganglia and cerebellar
loops. Descending anatomical projections are directed to the medullary and pontine reticular formations (PMRF)
and the spinal cord, ascending projections are in the main part concentrated on the basal ganglia and the
nonspecific nuclei of the thalamus (not shown for sake of clarity). The CLR also projects via the thalamus back to

the cortex. Cortical signals are furthermore modulated via a thalamo-cortical-basal ganglia circuit. The schematic
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drawing shows a hypothetical concept of a direct pathway of steady-state locomotion (left) and an indirect

pathway of modulatory locomotion (right). Adapted with permission from (la Fougere et al., 2010).

1.2.3 Electrophysiology of human locomotion

Using scalp EEG recordings in humans, different studies report similar intra-stride changes in spectral
power at electrocortical sources in the anterior cingulate, posterior-parietal, and sensorimotor cortices.
In the double support phase around the terminal contact at the end of the stance phase, alpha- and
beta-band spectral power was increased bilaterally in the sensorimotor and dorsal anterior cingulate
cortices. High-gamma spectral power changes were observed during the swing phase in anterior
cingulate, posterior parietal and sensorimotor cortex (Figure 9) (Gwin et al., 2011; Seeber et al., 2015;
Severens et al., 2012; Storzer et al., 2016; Trenado, 2015; Wagner et al., 2012).

Confirming results from experiments with rats and cats (Beloozerova et al., 2010; losa et al., 2013;
Marlinski et al., 2012; Smith, 1997), a study by Fitzsimmons (Fitzsimmons, 2009) was able to extract
walking patterns, decode the phase of the gait cycle and predict future locomotion parameters from
monkey primary somatosensory cortex (S1) and primary motor cortex (M1) neuronal ensemble
recordings. A recent study with human subjects implanted with electrocorticographic grids over the
motor cortex demonstrates that M1 is primarily responsible for high-level locomotor control (i.e. walking
duration and speed). Authors show, that both subjects who took part in the study show generalized y-
band (40-200 Hz) increases and periodic gait-cycle specific y-band modulations in M1 activity during
treadmill walking. However, M1 activity during walking was neither highly predictive of lower limb
trajectories nor was it overly similar to activity during individual leg muscle movements. The authors
suggest that the control of human locomotion depends on the interaction between M1, responsible for
high-level motor commands, and subcortical and spinal low-level motor control networks (McCrimmon

etal., 2017).
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Figure 9. Left panel: Gait phase related amplitude modulations (GPM). EEG source images show significant high y
and low y GPM (grand average) located focally in central sensorimotor areas. The temporal modulation of high y
and low y amplitudes in the gait cycle is illustrated in the time-frequency plot (reference: walking; colors depict
change in dB relative to reference) below. The spectrum of GPM magnitudes (walking in blue, standing in cyan)
indicates amplitude modulation in relation to the gait cycle as a function of frequency. Right panel: Relative
amplitude changes between walking and standing. Significant high y increase and B decrease (grand average)
occurred in central sensorimotor areas. The sustained high y increase and p and B decrease during the gait cycle is
shown in the TF plot (reference: standing). The temporal mean of the relative amplitude changes (walking vs.
standing) are illustrated as frequency spectrum (red). Spectra and TF plots were calculated in the central
sensorimotor ROI, all amplitude changes in dB. Spectral peaks of high y (76 Hz) and low y (30 Hz) GPM are marked
with blue lines, while the spectral peaks of high y increase (70 Hz) and B decrease (24 Hz) are marked with red lines.

Adapted with permission from (Wagner et al., 2012)

Recordings of local field potentials in the basal ganglia of patients with movement disorders have
demonstrated subcortical oscillations at several frequencies, which are reactive to movement, especially

prominent beta band activity around 13 to 35 Hz. Beta power has been shown to be suppressed during
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movement and has also been shown to be correlated with akinetic-rigid symptoms (Hammond et al.,
2007; Kithn et al.,, 2006; Neumann et al.,, 2016) in human patients as well as in animal models of
parkinsonism (Costa et al., 2006; Mallet et al., 2008; Sharott et al., 2005). Confirming these findings, it
has been shown that low frequency (5 and 10 Hz) and beta frequency (20 Hz) stimulation of the STN

slows movement in Parkinson's disease (Chen et al., 2007; Eusebio et al., 2008).

Evidence for beta power attenuation in various cortical and subcortical structures like the basal ganglia
during single movements comes from various studies (Kihn et al., 2004; Litvak et al., 2012). Reports
about subcortical frequency amplitude modulations during repetitive movements and especially during
gait are rare. Studies with PD patients suggest a reduction in beta frequency power in the STN during
walking as compared to a resting baseline, particularly in akinetic-rigid patients (Figure 10) (Quinn et al.,
2015). Singh and colleagues report that the amplitude of the alpha frequency on the contralateral side
was significantly higher in ballistic fast movements compared with rest, in both STN and GPi (Singh et al.,

2011b).
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Figure 10. Continuous LFP spectrogram of subthalamic recordings from one subject during standing and forward
walking. The spectrogram shows attenuation of beta frequency power during walking episodes. Colour in the

spectrogram depicts power. Adapted with permission from (Quinn et al., 2015).

Studies investigating repetitive movements paint a slightly different and more complex picture.
Androulidakis and colleagues show that STN LFP activity, especially oscillatory activity in the beta band,
was modulated in amplitude during continuous finger tapping (similar to Figure 9, left panel) and this
modulation probably failed as bradykinesia increased (Androulidakis et al., 2008). Steiner and colleagues
(Steiner et al., 2017) argue that beta is attenuated during repetitive finger movement and that the
attenuation of beta oscillations is reduced with increasing bradykinesia (Figure 11). Florin et al. report
significantly increased activity in the low beta (12-18 Hz) and gamma (30-48 Hz) frequency ranges within
the STN during fist flexion and extension and hypothesise that increases in gamma power enable

repetitive fist movement despite increased beta levels (Florin et al., 2013).
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Figure 11. Example trace of beta power dynamics
alongside motor impairment. Gray boxes indicate
10-second windows, the means of which were used
in further analysis. (A) Movement trace of a PD
patient performing continuous and alternating
pronation and supination movements for 30
seconds. Raw movement trace shown was
detrended to allow better assessment of movement
amplitude. (B) Trace of individual beta power
(patient-specific beta peak during movement
performance 6 5 Hz) smoothed using an
overlapping, sliding average window to capture the
general trend in beta activity over time. Smoothing
was applied for visualization purposes only. Unlike
Figure 1, beta power is not normalized by rest
power. Adapted with permission from (Steiner et al.,

2017).

Local LFP recordings from DBS electrodes located in the globus pallidus internum in dystonia patients

without gait impairments showed significantly higher power in the lower frequency bands (4—-12 Hz) and

in the gamma band (60-90 Hz) during gait as compared to during sitting or standing, while the beta band

(15-25 Hz) power was significantly reduced during walking. Additionally, the authors report contralateral

increases in power in the alpha range between 6 and 11 Hz during the early stance phase (Figure 13)

(Singh et al., 2011a).
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Figure 12. Beta power changes in freezers and non-freezers. Grand average time-frequency plots showing power
changes locked to movement initiation (t = 0) in freezers (7 STNs) and non-freezers (9 STNs) for bicycling and
walking, and the difference between both (non-significant differences are masked). Lower row: Beta power
decreases (blue) in both conditions in non-freezers, but with a stronger beta power decrease in bicycling. Upper
row: In freezers, bicycling is accompanied by a broad-band beta power decrease and briefly by a slight power
increase (red) in a narrow band around 18 Hz, following movement initiation. Opposed to this, walking is
accompanied by a distinctive and sustained power increase in this band. Adapted with permission from (Storzer et

al., 2017).

Furthermore, recent studies suggest that PD-patients displaying freezing of gait show an additional
increase in low beta (12-20Hz) power during gait (Singh et al., 2013; Storzer et al., 2017). Storzer and
colleagues (Storzer et al., 2017) compared STN activity during bicycling and walking in PD patients with
and without freezing of gait. While patients without freezing of gait, in both bicycling and walking
conditions, showed a suppression of subthalamic beta power (13—-35Hz), Freezers showed a similar
pattern in general and an additional, movement-induced, narrowband power increase around 18Hz

(Figure 12).
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Figure 13. Time—frequency plots of LFP oscillations during gait cycle. Upper row (A and B): analyzed electrode pair.
Right electrode pair is on the right side. C and D: goniometer traces. Modulation of LFPs occurs in the 6-11 Hz
frequency range. In this frequency band, amplitudes are up-regulated during the early stance phase and swing
phase of the contralateral leg. LL: left leg, RL: right leg, Gonio: goniometer. Flex: flexion. Adapted with permission

from (Singh et al., 2011a)

Synchronization of neural activity across different parts of the brain likely plays a key role in the
coordination of neural activity underlying behaviour and excessive synchronization has been linked to
various movement disorders (Buzsaki and Draguhn, 2004; Chou et al., 2005; Schnitzler and Gross, 2005).
Beta coherence has been shown between ipsilateral STN, GPi and cortical regions and is reported to be
attenuated by movement, while patients were off levodopa. While most studies focus on within
hemisphere connectivity, other reports show that even unilateral movement results in bilateral changes
in the STN, probably reflecting cortical input (Alegre et al., 2005). Niketeghad et al., report motor-
modulated inter-hemispheric connectivity between bilateral STN-LFP signals (Niketeghad et al., 2017).
Hohlefeld and colleagues demonstrated coherence (iCOH) between bilateral STN in the beta range (10-
30Hz). While iCOH in the 10-20 Hz frequency range positively correlated with the worsening of motor
symptoms in the OFF medication condition, iCOH in the high beta range (21-30 Hz) was increased after

levodopa administration (Hohlefeld et al., 2014).
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1.3 Decision making and inhibition

Inhibitory control is an executive function that is needed to suppress premature actions and to block
interference from irrelevant stimuli. According to the definition from Norman and Shallice (Norman and
Shallice, 1986), executive control/inhibition is essential in unfamiliar and difficult situations that require
planning or decision making under conflict and in situations in which a strong habitual (‘normal’)
response has to be overcome. According to a prominent model for deliberate decision making, evidence
is accumulated until a response threshold is reached and an action is triggered (Ratcliff and McKoon,
2008). Habitual responses are usually executed fast (Schneider and Chein, 2003) without much
deliberation and the decision threshold is presumably reached faster than with unfamiliar decisions
(Ratcliff, 1978; Ratcliff et al., 2016). For example, if someone approaches pedestrian lights and the lights
are green, the prepotent response will be to cross the street. However, if a car is approaching the
crossing, one has to decide to do the familiar and cross the road or to stay put and not risk a potentially
fatal accident if the car is ignoring the lights. This scenario requires the inhibition of a strong habitual
response to allow for proper decision making and a more adequate action selection. Reduced
executive/inhibitory control can thus result in premature actions as well as socially inacceptable

behaviour.

Inhibitory control is impaired in a number of neuropsychiatric and neurological disorders and is
associated with disrupted neural activity in the cortico-striatal circuitry, including the STN (Antonelli et
al., 2011; Lipszyc and Schachar, 2010; Richardson, 2008; Zamboni et al., 2008). However, the influence of
STN DBS on impulse control is debated. In general, studies show an improvement of automatic (habitual)
response activation when DBS is turned on, while DBS also increases the susceptibility to impulsive

responses (Plessow et al., 2014), which is in favour of reduced inhibition caused by STN stimulation.

Models propose that the behavioural disinhibition following STN-DBS is caused by the failure of
executive control over prepotent responses (Frank et al., 2007). Various studies have reported that
stimulation of the STN can be associated with impulsive action. For example, STN-DBS has been shown to
result in fast, but erroneous decisions in a variety of tasks that require response selection under conflict
and inhibition of prepotent responses, such as the Go/No-Go task, the Stroop, or the Simon task Simon
effect (Jahanshahi et al., 2015a). It must be noted, however, that different studies report conflicting
results (Ray et al., 2011), while some report that response inhibition worsens during DBS, others state
that it is unaffected, while others again show improvements (Ballanger et al., 2009; Jahanshahi, 2013;

Obeso et al., 2011). One reason for this discrepancy could be that the STN consist of at least 3 subregions
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(motor/associative/limbic) and DBS of different subdivisions of this nucleus may have different effects on
inhibitory control (Hershey et al., 2010). When STN DBS does not only selectively target the motor
subregion, stimulation might induce behavioural disinhibitions similar to those caused by lesions to the
STN. Such lesions have been induced in a small number of PD patients for therapeutic reasons and it was
reported that these patients show increased behavioural impulsivity, especially during responses with

the hand contralateral to the lesion (Frank, 2006; Jahanshahi et al., 2015a; Obeso et al., 2011).

1.3.1 Models of inhibition: Proactive and reactive inhibitory control

Several cortical regions, especially the anterior cingulate cortex (ACC), the dorsolateral prefrontal cortex
(DLPFC), the medial prefrontal cortex (mPFC), the inferior parietal cortex (IPC) and the
precuneus/posterior cingulate cortex (Prec/PCC), are reported to be involved in inhibitory processes
(Botvinick et al., 2004; Cohen and Ridderinkhof, 2013; Liston et al.,, 2006; Zavala et al., 2016).
Computational models as well as experimental studies in humans and primates also highlight the role of
several subcortical structures including the basal ganglia and especially the STN in inhibitory control
(Aron et al., 2007; Benis et al., 2014; Cavanagh et al., 2011; Frank, 2006; Zaghloul et al., 2012).

There are two major theoretical mechanisms discussed for response inhibition: proactive and reactive
inhibitory control (Figure 14) (Martinez-Selva et al., 2006). In the reactive model established by Frank et
al. (Frank, 2006), response inhibition is implemented as response selection processes evolve. The global
inhibitory signal is described as reactive in nature and is triggered by the stimulus conflict (Aron et al.,
2007). In contrast, the “proactive inhibition” theory assumes that inhibition is the default mode of an
executive control network responsible for basic preparatory processes, which prevents automatic
responses to irrelevant signals by maintaining tonic inhibition over response processes until uncertainty

is resolved (Jaffard et al., 2008).
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Figure 14. The fronto—basal ganglia pathways mediating proactive and reactive inhibitory control. a. Proactive
inhibition is prospective and serves goal attainment - for example, when intentionally suppressing the desire to eat
high-calorie foods in order to proactively meet the goal of weight control. The indirect fronto—striato—pallido—
thalamo—cortical pathway could mediate such proactive inhibition. b. Stimulus-driven reactive inhibition, which is
built up through learning and experience and is more automatic and habitual — for example, when a pedestrian
stops at a red traffic light — is proposed to be mediated by the hyperdirect cortico—subthalamic—pallidal-thalamo—
cortical pathway. For clarity, some connections are not shown. DLPFC: dorsolateral prefrontal cortex; GPe: external
segment of the globus pallidus; GPi: internal segment of the globus pallidus; IFC: inferior frontal cortex; pre-SMA:
pre-supplementary motor area; SNr: substantia nigra pars reticulata; STN: subthalamic nucleus. Adapted with

permission from (Jahanshabhi et al., 2015b)

Both theories assume a global modulatory signal suppressing all responses, rather than modulating the
execution of any particular response and postulate attenuation of thalamocortical activity, with different
cortical structures involved. The reactive model claims specific changes in primary motor cortex (PMC),
pre-supplementary motor area (pre-SMA), the anterior cingulate cortex (ACC), and the inferior frontal
cortex (Frank, 2006). The “proactive inhibition” hypothesis is linked to possible activation changes in
medial prefrontal cortex (mPFC), precuneus, posterior cingulate cortex (PCC), inferior parietal cortex
(IPC) and dorsolateral prefrontal cortex (DLPFC) (Ballanger et al., 2009; Boulinguez et al., 2009; Jaffard et
al., 2008; Jahanshahi et al., 2015b). Hence, while both models claim frontal structures to be involved,
only the proactive model invokes posterior structures, which have been shown to be important for
movement initiation and planning (Mattingley et al., 1998; Scherberger et al., 2005).

In both models, the STN plays a major role. Optimal action selection in conflict situations with competing
or uncertain stimulus and response relations is proposed to rely on an intact hyperdirect pathway and

STN (for an overview of cortico-basal ganglia-thalamo-cortical pathways and structures, see (Jahanshahi
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et al., 2015b)). By inhibiting the pallidial-thalamic-cortical loop via inhibitory connections to the GPi, the
STN is thought to suspend responses until sufficient information has been integrated and uncertainty is

resolved (Bogacz and Gurney, 2007; Frank et al., 2007; Herz et al., 2017).

1.3.2 Neural mechanisms underlying response inhibition during decision making under
conflict

Different neuronal processes play an important role during inhibition and decision making tasks. Like
locomotion, cognitive processes underlying goal-directed behaviour also require a dynamic interaction of
information from spatially distant brain regions (Buzsaki and Draguhn, 2004; Hipp et al., 2011; Siegel et
al., 2012; Varela et al., 2001). This integration and coordination is in part enabled by coherent neuronal
oscillations at different frequencies. A number of studies report conflict-related modulations in
subthalamic oscillatory power in the theta frequency band (Cavanagh et al., 2011; Zavala et al., 2013),
which has also been observed in cortical structures involved in response inhibition (Zavala et al., 2015a).
Increases in delta and theta power during cognitive motor tasks have been mainly observed at frontal
midline areas that mediate response inhibition (Cavanagh et al., 2011; Cavanagh and Frank, 2014), for
example over the PFC and the IFG, which are connected to the STN via the hyperdirect and indirect
pathway (Alexander et al., 1986; Forstmann et al., 2010; Monakow et al., 1978; Swann et al., 2012).
Decision making is not only a covert process but is often accompanied by an overt reaction, especially in
investigational studies. It has been suggested that beta-band de/resynchronization accompanies motor
planning and responding (Chung et al., 2017; Te Woerd et al., 2015). Beta oscillatory activity reduction
during an overt response followed by a rebound after movement has been reported by a number of
studies, especially over motor cortical areas (Espenhahn et al., 2017; Gross et al., 2005; Pfurtscheller et
al., 1996; Salmelin and Hari, 1994) but also other areas, e.g. parietal cortex (Chung et al., 2017). There
are also several reports (Alegre et al., 2013; Bastin et al., 2014; Benis et al., 2014; Joundi et al., 2013;
Kihn et al., 2004; Leventhal et al., 2012; Zavala et al., 2015a) of the involvement of subthalamic beta
oscillations in response inhibition during conflict. These and other studies (Espenhahn et al., 2017; Gross
et al.,, 2005; Meirovitch et al.,, 2015; Pfurtscheller et al., 1996) show that cortical beta-band
desynchronization precedes motor output and that the duration of suppression correlates with the
amount of conflict present in the task (Alegre et al., 2013; Bastin et al., 2014; Benis et al., 2014; Brittain
et al., 2012; Kiihn et al., 2004; Leventhal et al., 2012; Ray et al., 2012).
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Figure 15. Effects of congruency on LFP across all subjects.
A-D, Imperative cue-aligned (t = 0) averages of induced
spectral change. Both congruent (A) and incongruent (B) trials
showed an increase in cue-aligned theta power, a decrease in
beta power followed by a postresponse rebound, and an
increase in gamma power. C, Difference between trial types
masked at a 0.05 significance level corrected for multiple
comparisons, showing the theta band difference. D, Cue-
aligned theta (3-8 Hz) band average time series (mean %
SEM) for congruent (green) and incongruent (purple) trials.
Significant difference between the two conditions is marked
by black bar (p < 0. 05 corrected for multiple comparisons).
E-H, Same as A-D but aligned to the response. Theta
difference is weaker and only significant in the theta band
average time series (H). Note that here and in ensuing time—
frequency plots that frequency is given on a log axis. E, F,
Theta (3-8 Hz) band average time series for slow-incongruent
(red), fast-incongruent (blue), and congruent (green) trials
locked to the cue and response respectively. Note that mean
+ SEM values are shown except for congruent trials (where
+SEM values were shown in Fig. 2). Significant difference
between trial types is marked by horizontal bars (p < 0.05,
corrected for Modified with

multiple comparisons).

permission from (Zavala et al., 2013)

The interpretation of the functional role of frequency specific activity however is complicated. A few

studies compare ,,Go” and ,No-Go“ trials, which implement either the execution or the inhibition of a

response (Kiihn et al., 2004). While many studies interpret STN activity as related to conflict processing

(Frank et al., 2007; Zavala et al., 2015a), Zavala and colleagues found no power differences between the

fast-incongruent trials and congruent trials with similar RTs (Figure 15) (Zavala et al., 2013).

Theory and experimental studies suggest that coherent oscillations could reflect the coordination of

neural activities between different structures and the basal ganglia during response inhibition (Alegre et

al., 2013; Zavala et al., 2014). Combined recordings of LFP and cortical EEG/MEG show conflict and error

related activity in and coherence between frontal regions and STN in the delta/theta band and beta

frequency band (Zavala, 2016; Herz et al., 2017). Previous studies reported stimulus as well as response
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locked low frequency connectivity between electrodes placed at frontal midline and the STN to be
correlated with conflict (Zavala et al., 2016, 2013, 2014). Zavala and colleagues report coherence
increases between subthalamic LFP and frontal EEG recordings during high conflict situations (Figure 16)
(zavala et al., 2014). Herz and colleagues (Herz et al., 2017) report that STN low frequency oscillations
are coupled to activity at prefrontal electrode Fz and are related to decision thresholds and that STN
beta activity (13—-30 Hz) is coupled to electrodes C3/C4 close to motor cortex (Herz et al., 2017; Tan et
al., 2014).

STN:FCz-Cz STN:Pz-Cz
Coherence Change Coherence Change

A Low Conflict B Low Conflict
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Figure 16. Group average normalized changes in EEG-STN LFP coherence. A, High conflict trials showed a relative
increase in response locked STN-frontal (FCz-Cz) cortex coherence compared with low-conflict trials. B, There were
no conflict-related changes in STN-parietal (Pz-Cz) cortex coupling. T = O corresponds to response onset. Shaded

areas depict 95% confidence intervals. Adapted with permission from (Zavala et al., 2014)

Recently it has been described that the dorsal motor area in the STN showing the highest beta activity
projected predominantly to motor and premotor cortical regions (Accolla et al., 2016). Fronto-parietal
dynamics then are important for accurate motor performance (Chung et al., 2017; Cohen and
Ridderinkhof, 2013). Previous studies neglected the posterior sensorimotor network that is involved in
the initiation of motor programs and which supports proactive inhibitory control (Booth et al., 2005;
Boulinguez et al., 2009; Jaffard et al., 2008; Lavallee et al., 2014; Menon et al., 2001). Neglect patients
with right inferior parietal lobe (IPL) lesions show specific difficulties in initiating leftward movements
towards visual targets on the left side of space, while this motor impairment was not found in neglect
patients with frontal lesions (Mattingley et al., 1998), suggesting that the IPL operates as a sensorimotor

interface (Fransson and Marrelec, 2008), rather than subserving only perceptual functions.
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Together, these observations hint that a large network of cortical and subcortical regions is involved in
the integration of information, the resolvement of conflict and the execution of responses and that the
STN likely plays an important role in response inhibition. In fact, a recent perspective by Wessel et al.
(Wessel et al., 2017) is that both the cortical network, involved in proactive inhibition, as well as the
cortical-basal ganglia loop, including the STN, form a global network involved in response inhibition. To
this date however, it is still debated which exact functional role the STN plays during decision making
under conflict, as argued above, as it has been related to various variables such as stimulus conflict,

reaction times and decision thresholds (Herz et al., 2016; Williams et al., 2005; Zavala et al., 2015b).

1.4 Aim of the thesis

Electric brain potential recordings offer the possibility to investigate neural processes (Buzsaki and
Draguhn, 2004) underlying behaviour and have become popular in the research on movement disorders
and decision making, as it is possible to record local field potentials from electrodes implanted deeply in
the brain. Several descriptors of local field potential oscillations such as beta oscillations and network
connectivity measures such as M1-STN phase amplitude coupling were suggested as feedback signals for
adaptive closed-loop deep brain stimulation in PD (de Hemptinne et al., 2013; Little et al., 2013; Meidahl
etal., 2017).

In order to improve DBS therapy, it is imperative to understand the complex functionality of involved
neural structures and networks during behaviour as well as the effect of stimulation on symptoms and
behaviour. To elucidate the functional role of oscillatory activity in the STN and network activity during
locomotion and cognitive control, we conducted two studies in which we collected electrophysiological
recordings from patients with Parkinson’s disease. In both studies, we asked whether and how
oscillatory signals reflect the functionality of the underlying structures and networks and how they are
related to behaviour, while also manipulating behaviour and neural structures via deep brain
stimulation.

With our first study, we investigated the involvement of the STN during normal walking by analyzing
STN-LFP we collected during different gait and resting scenarios in patients with PD undergoing DBS
surgery. Depth recordings from the STN of PD patients have revealed LFP activity in specific frequency
bands during movements like fingertapping, however, a clear characterization of the involvement of the
STN during gait has been missing from the literature. We asked how the subthalamic oscillatory activity

and bilateral subthalamic connectivity changes during gait as compared to rest as well as how oscillatory
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activity and connectivity are modulated during the gait-cycle. As the weak amplitude of EEG/LFP signals
makes them susceptible to electronic noise and artifacts, arising from e.g. recording cable movement,
the analysis of oscillatory signals during human locomotion is especially complicated. Therefore, we
devote part of our investigation to describing possible movement related artifacts in the signal.

With our second study, we investigated the functional relevance of the STN during decision making
under conflict and its involvement in a larger network as well as the impact of DBS on decision making
behaviour. As part of a fronto-striatal network (Jahanshahi and Rothwell, 2017), the STN plays a crucial
role in inhibitory control. By inhibiting the pallidial-thalamic-cortical loop via inhibitory connections to
the GPi, the STN is thought to suspend responses until sufficient information has been integrated. The
exact function of the STN in decision making however remains debated (Bogacz and Gurney, 2007; Frank
et al., 2007; Herz et al., 2017; Williams et al., 2005). To investigate this issue, we collected STN-LFP from
a fully implanted sensing neurostimulator and parallel EEG recordings during a modified version of an
Eriksen Flanker task inducing different levels of conflict (Van Veen and Carter, 2005) and analyzed

subthalamic oscillatory activity as well as subthalamic cortical connectivity.
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2. Cumulative thesis

The cumulative thesis is based on 2 publications. The abstracts of both publications and the contribution
of the author to the relevant publication are listed in this part, followed by a discussion and future

directions. The full articles are included in the appendix section of this thesis.
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2.1 Subthalamic oscillatory activity and connectivity during gait in Parkinson’s

disease
Hell, F., Plate, A., Mehrkens, J., Botzel, K. (2018). Subthalamic oscillatory activity and connectivity during gait in

Parkinson’s disease. Neurolmage:Clinical. https://doi.org/10.1016/j.nicl.2018.05.001

Abstract

Local field potentials (LFP) of the subthalamic nucleus (STN) recorded during walking may provide clues
for determining the function of the STN during gait and also, may be used as biomarker to steer adaptive
brain stimulation devices. Here, we present LFP recordings from an implanted sensing neurostimulator
(Medtronic Activa PC+S) during walking and rest in 10 patients with Parkinson’s disease and electrodes
placed bilaterally in the STN. We also present recordings from two of these patients recorded with
externalized leads. We analyzed changes in overall frequency power, bilateral connectivity, high beta
frequency oscillatory characteristics and gait-cycle related oscillatory activity. We report that high beta
frequency power (20-30Hz) and bilateral oscillatory connectivity are reduced during gait. Oscillatory
characteristics are affected in a similar way. We describe a reduction in overall high beta burst amplitude
and burst lifetimes during gait as compared to rest. Investigating gait cycle related oscillatory dynamics,
we found that alpha, beta and gamma frequency power is modulated in time during gait, locked to the
gait cycle. We argue that these changes are related to movement induced artifacts and that these issues

have important implications for similar research.

The author contributed to this work by running the experiment, recording LFP and kinematic

measurements, devising and programming the analysis, analyzing the data and writing the manuscript.
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2.2 Subthalamic stimulation, oscillatory activity and connectivity reveal
functional role of STN and network mechanisms during decision making
under conflict

Hell, F., Taylor, P., Mehrkens, J., Bétzel, K. (2018). Subthalamic stimulation, oscillatory activity and connectivity
reveal functional role of STN and network mechanisms during decision making under conflict. Neurolmage 171.

222-233. https://doi.org/10.1016/j.neuroimage.2018.01.001

Abstract

Inhibitory control is an important executive function that is necessary to suppress premature actions and
to block interference from irrelevant stimuli. Current experimental studies and models highlight
proactive and reactive mechanisms and claim several cortical and subcortical structures to be involved in
response inhibition. However, the involved structures, network mechanisms and the behavioural
relevance of the underlying neural activity remain debated. We report cortical EEG and invasive
subthalamic local field potential recordings from a fully implanted sensing neurostimulator in Parkinson's
patients during a stimulus- and response conflict task with and without deep brain stimulation (DBS).
DBS made reaction times faster overall while leaving the effects of conflict intact: this lack of any effect
on conflict may have been inherent to our task encouraging a high level of proactive inhibition. Drift
diffusion modelling hints that DBS influences decision thresholds and drift rates are modulated by
stimulus conflict. Both cortical EEG and subthalamic (STN) LFP oscillations reflected reaction times (RT).
With these results, we provide a different interpretation of previously conflict-related oscillations in the
STN and suggest that the STN implements a general task-specific decision threshold. The timecourse and
topography of subthalamic-cortical oscillatory connectivity suggest the involvement of motor, frontal
midline and posterior regions in a larger network with complementary functionality, oscillatory
mechanisms and structures. While beta oscillations are functionally associated with motor cortical-
subthalamic connectivity, low frequency oscillations reveal a subthalamic-frontal-posterior network.
With our results, we suggest that proactive as well as reactive mechanisms and structures are involved in
implementing a task-related dynamic inhibitory signal. We propose that motor and executive control
networks with complementary oscillatory mechanisms are tonically active, react to stimuli and release

inhibition at the response when uncertainty is resolved and return to their default state afterwards.

The author contributed to this work by devising the research question, designing and programming the
experiment, setting up the recording and experimental equipment, running the experiment and recording
EEG, LFP and behavioural data, programming the analysis, analyzing the data and writing the

manuscript.
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3. Discussion

To elucidate the functional role of oscillatory activity in the STN during locomotion and cognitive control,
we discuss the two studies in which we collected electrophysiological recordings in patients with PD
during different gait and resting scenarios and during a conflict decision making task. We conclude this

discussion with an outlook on the future directions of DBS.

3.1 Subthalamic oscillatory activity during gait

Recently, several studies utilizing invasive and non-invasive EEG recordings to characterize the
neurophysiology of locomotion have been published, reporting varying and contradictive results (Do et
al., 2011; Fischer et al., 2018; Gwin et al., 2011; Petersen et al., 2012; Presacco et al., 2011; Quinn et al.,
2015; Raethjen et al., 2008; Severens et al., 2012; Singh et al., 2013, 2011b; Storzer et al., 2017; Wagner
et al., 2012; Wieser et al., 2010). Major points of interest in these studies are the characteristics of beta
oscillations during gait. In contrary to most studies before, which were mostly conducted in patients
right after DBS surgery within a limited range of motion and with externalized leads, we were able to
investigate gait in freely moving patients with a fully implanted sensing system months after initial

surgery.

3.1.2 Beta band oscillatory activity during gait

Our spectral analysis showed a significant attenuation of subthalamic high beta frequency power
throughout the gait cycle in patients with PD off medication. Reports about beta power attenuation in
the cortex and basal ganglia during single movements come from multiple studies (Kihn et al., 2004;
Litvak et al., 2012; Tan et al., 2016). For example, Tan et al. recently described that oscillatory activity in
the STN, particularly the beta (13-30 Hz) and gamma (55-90 Hz) band of the contralateral STN were most
useful for decoding ipsilateral movement force during single movements. Earlier studies recording STN
LFP during walking suggest a reduction in beta frequency power during walking, particularly in akinetic-
rigid, but not tremor dominant and freezing patients (Quinn et al., 2015; Singh et al., 2013; Storzer et al.,
2017). Contradicting these results, another study described that beta power attenuation was even

stronger in patients displaying freezing of gait (Syrkin-Nikolau et al., 2017).
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A few factors might influence consistency of findings in the literature. A reason for the lack of consistent
reports might be that these studies are conducted in PD patients and group sizes are often very small. It
is known that patients with PD show different degrees of movement impairment and are therefore a
heterogeneous group. It is also known that these patients show elevated beta levels, correlating with
disease severity (Hammond et al., 2007). Also, the development of bradykinesia during locomotion might
be associated with a failure of beta attenuation, i.e. after initial suppression of beta, beta may re-emerge
during prolonged gait. Confirming earlier reports, Steiner et al. showed that activity in the beta band was
reduced during initial repetitive finger tapping, but re-occurred simultaneously with the re-emergence of
bradykinesia during prolonged tapping (Kiihn et al., 2006; Steiner et al., 2017).

Another reason for the inconsistency between reports might be movement related artefacts. Tan et al.
report that decoding gripping force was only successful in part of the recordings in which beta
suppression was visible, but not in a second cluster, in which no significant gripping movement related
modulation was observed in either the beta or gamma band. The mean frequency spectrum of the
second group showed increased activity at low frequencies, extending to 25 Hz and sometimes to even
higher frequencies, particularly during the force onset phase. They argue that movement related
artifacts are a possible cause for their observation of frequency spanning power increases at the time of
movement onset, which also contaminated the beta band (Tan et al.,, 2016). It is conceivable that
movement related artifacts during gait possibly also influence higher frequencies including beta and
gamma and induce increases that obliterate physiological effects, therefore making it hard to detect
such decreases.

As a second finding, we also report a reduction in bilateral high beta amplitude-amplitude correlations
during gait, extending previous reports about reduction in bilateral connectivity during limb movements.
It has been reported, that beta coherence between ipsilateral STN, GPi and cortical regions is attenuated
by limb movement without dopaminergic medication. Studies investigating interhemispheric
connectivity report that even unilateral movement results in bilateral changes in the STN, probably
reflecting cortical input (Alegre et al., 2005). Niketeghad et al., report locomotion related modulation of
inter-hemispheric connectivity between bilateral STN LFP signals (Niketeghad et al., 2017). With
medication however, beta levels are generally attenuated and power within the STN and coherence
between the STN, GPi and cortical EEG is reported to be dominated by gamma band activity (70-85 Hz),
increasing with movement (Cassidy et al., 2002; Lalo et al., 2008; Little et al., 2013).

Additionally, we showed that high beta burst amplitude and width is reduced during gait. Life-times of
high beta bursts are reduced while waiting-times are increased, as indicated by significantly reduced life-

waiting-time ratio (LWR) during gait. Recently, it has been proposed to use pathological long beta bursts
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as a feedback signal for adaptive DBS (Meidahl et al., 2017; Tinkhauser et al., 2017a). The same group
described that overall beta burst amplitude and duration in the STN are reduced by dopaminergic
medication, while beta bursts with a long duration are decreased and short duration low amplitude
bursts are increased (Tinkhauser et al., 2017b). Our findings indicate that burst strength and duration are

not only modified by medication but also are reactive to the behavioural state.

3.1.3 Modulation of oscillatory activity during gait and origin of signal

Our analysis of gait cycle related oscillatory dynamics suggests that power in alpha, beta and gamma
frequencies is increased before and around the point of terminal contact of the foot contralateral to the
respective STN. Although our results overlap in part with previous reports, we argue that while the
reported beta power attenuation during gait is genuinely of neuronal origin, the gait cycle locked signal
increases we report here, although resembling patterns in the literature (Fischer et al., 2018), are
possibly driven by movement-related artifacts. Fischer et al. describe that subthalamic oscillatory activity
in the beta band is attenuated after ipsilateral heel strikes during stepping in place, when raising the
contralateral foot, and appears again after contralateral heel strikes, when the contralateral foot is
resting on the floor (Fischer et al., 2018).

A main problem in the investigation of movement-related EEG signals are the different sources that
together make up the signal. While the EEG signal recorded at different cortical and subcortical locations
most likely contains information about descending commands sent from the motor cortex as well as
from ascending sensory feedback, it is also possible that recordings are influenced by technical artifacts.
For example those induced by body movement, which in turn causes movements of the recording cables
(within surrounding electric fields), inducing electric currents in the cables. Various previous invasive
studies claim that movement related artifacts are restricted to low frequencies below 10 Hz (Figure 17)
(McCrimmon et al., 2017; Singh et al., 2011b; Storzer et al., 2017). However, it has been previously
shown that the influences of movement artifacts in electrophysiological signals on the frequency
spectrum are not restricted to low frequency oscillations, but could indeed span several frequency
ranges and are possibly time-locked to the gait cycle, using scalp EEG recordings (Castermans et al.,
2013, 2012; Kline et al., 2015). Rhythmic movement of different body parts can cause slow swings of the
electrode cables, movements of the shoulder and head region can cause sharp, spike-like artifacts in the
data (Figure 18 B). Frequency spanning activity and possibly movement artifact related activity has been
previously reported in single movements (Tan et al., 2016). Movement artifacts can severely alter the

signal to noise ratio of the data and might not only introduce general increases in low frequencies and
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harmonics (Figure 17), but also induce movement cycle locked artifacts at different frequencies

(Castermans et al., 2011; Kline et al., 2015; Report et al., 2009; Singh et al., 2011b).
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Figure 17. Spectra of LFPs and coherence with the goniometer trace exemplified in two cases. In the frequency
range between 1 and 2 Hz distinct peaks in the LFP spectrum show high coherence with the goniometer trace and
can thus be judged as artifacts. Increment of the LFP spectrum in lower frequency bands during gait can clearly be
seen (blue traces) and shows no correlation with goniometer data. Adapted with permission from (Singh et al.,

2011a)

We report that artifacts are possibly contained in recordings with externalized cables connected to
implanted electrodes with considerable electrode movement possibilities as well as in recordings with
internal sensing equipment (Hell et al., 2018b). We argue that the exact pattern of movement related
signal alterations in time in the raw recordings due to upper body movement — which is arguably
coordinated in time to the gait cycle (Romkes and Bracht-Schweizer, 2017), lead jitters, slow or sudden
cable movements, influence the raw signal shape and resulting time-frequency decomposition (Hell et
al., 2018b). Also, with limited cable movement possibilities in implanted sensing equipment, tribo-
electric effects might induce signal changes, as certain materials like electrode cables can become
electrically charged after they come into frictional contact with a different material, like different parts of
tissue inside the body. Depending on the exact shape of the artifacts in time, low frequency as well as

frequency spanning and high frequency power can be induced (Smith, 2002).
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Storzer et al. report that PD patients showing the freezing of gait phenomenon showed a movement-
induced, narrowband power increase around 18Hz time-locked to the onset of gait, reflecting earlier
reports by Singh et al. (Singh et al., 2013; Storzer et al., 2017). Similar to the results, Figure 18 shows gait-
cycle related modulations of frequency power in a subject with freezing from the cohort used by Singh et
al. (Singh et al., 2013). The pattern of movement related artifacts in time shape the raw LFP (Figure 18 B)
and are arguable locked to the gait cycle (Figure 18 A). This can influence time-frequency profiles, for
example in the low beta band (Figure 18 C). It is conceivable that movement related artifacts together
with putative physiological effects like beta band suppression during locomotion can lead to artificial
alterations of specific frequency bands — e.g. increases around 18 Hz, when comparing recordings made
during gait to those made during rest (Figure 18 D). These issues might induce severe group biases,

especially with small group sizes used in invasive studies.
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Figure 18. Shank rotation velocity, raw LFP recordings and gait cycle time-frequency power analysis and average
gait-cycle related time-frequency power modulation. A, B. Angular position of a goniometer measuring knee angle
of patients during walking and raw LFP trace from bilateral STN recordings with externalized leads. (B). Example
externalized raw STN LFP recordings showing slow swing artifacts and high-frequency dirac-pulse like artifacts
timelocked to the gait cycle and across hemispheres, inducing frequency spanning artifacts. C. Beta oscillations

showing gait-cycle locked increases at the time of potential movement artifacts in the raw LFP. D. Average gait
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cycle related frequency power modulation reveals timelocked and frequency spanning nature of movement related
artifact (colors depict change in % from rest to gait). E. Shank rotation velocity averaged across multiple epochs,
displaying the same epochs used in the time-frequency average (D). We report that internal sensing equipment is
also prone to pick up similar artifacts, possibly induced by jerk-like movements or tribo-electric effects (Hell et al.,
2018b). We could demonstrate that artifact induced oscillatory activity is not restricted to low frequencies, but
could indeed span several frequency ranges. The above analysis shows a re-evaluation of data previously published

by Singh et al. (Singh et al., 2013).

Disentangling possible physiological effects from artifacts is therefore a main challenge in the analysis of
locomotion related electrophysiological signals, especially when signals resemble a modulatory pattern,
that has been previously associated with physiological processes. The possibility of artifact induced
activity in higher frequency bands has implications for the interpretation of previous publications and for
the evaluation of future studies, which have to consider that such signal modulations could be related to

movement artifacts.

3.2 The functional role of STN and network mechanisms during decision
making under conflict

In this study, we found that STN DBS generally decreased reaction times but did not alter conflict related
processing in our task. Drift diffusion modelling hints that the decision threshold is altered by
stimulation, while drift rates are modulated by stimulus conflict. Between stimulus presentation and
response, the STN low frequency activity was most strongly coherent with frontal midline electrodes
(Fz/FCz), likely reflecting a tonic (not conflict-related) inhibitory signal. Oscillations in the alpha/beta
range were coherent with those in motor cortical structures during that same period, consistent with
tonic hyperdirect pathway connectivity (Accolla et al.,, 2016). Behaviourally relevant induced low
frequency STN-cortical coherence changes between target and response included not only frontal but
also parietal and occipital areas, possibly reflecting a reactive mechanism. Alpha/beta oscillations were
reduced in amplitude and decorrelated globally, consistent with functionally relevant motor processing.

It is difficult to determine the exact functionality of the STN and the importance of the respective
oscillatory mechanisms and to entangle conflict from reaction times, as trials with higher conflict
generally show slower reaction times (Cohen and Nigbur, 2013; Nachev et al., 2007; Scherbaum and
Dshemuchadse, 2013; Yeung et al., 2011). While many studies interpret STN activity as related to conflict

processing (Zavala et al., 2015a), a study by Williams et al. (Williams et al., 2005) did show a significant
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relationship between oscillatory activity in the beta band and reaction times in the parkinsonian STN
after “Go” cues. Indeed, Zavala and colleagues found no power differences between the fast-
incongruent trials and congruent trials with similar reaction times (Figure 16) (Zavala et al., 2013).

Our results extend previous findings concerning the roles of subcortical and cortical low frequency and
alpha/beta oscillations and their functional importance during responding under conflict (Cavanagh et
al.,, 2011; Herz et al., 2017; Zavala et al., 2013) and provide new insights on the putative mechanisms
involved in inhibitory control. Our findings suggest that the STN does not implement a stimulus-conflict
related inhibitory signal but rather a dynamic decision threshold. We suggest that subthalamic activity as
well as subthalamic-cortical oscillatory connectivity reflect an inhibitory control and motor network with
different oscillatory mechanisms and propose that proactive as well as reactive mechanisms and putative
neural structures are involved in implementing a dynamic executive control signal. Functionally relevant
and coherent low frequency oscillations could reflect the communication within an executive control
network with subcortical, frontal and posterior nodes and alpha/beta oscillations might reflect the
coordination of a motor network with subcortical and motor cortical structures. These networks may be
tonically and coherently active, are reactive to stimulus presentation, functionally linked to response

preparation and execution and return to their default and possibly proactive state afterwards.

3.3 Future directions for DBS

DBS has been used successfully in movement disorders for over 25 years; however, the standard
stimulation schemes have not changed substantially. So far, surgical planning is commonly done based
on basic structural MR images and programming of stimulation parameters is still dependent on trial and
error. For the further development of DBS, two major points of interest are target-structures and novel
adaptive stimulation algorithms integrating feedback signals. In this regard, we could show that the most
discussed feedback signals, namely beta frequency oscillations, do not only correlate with disease
symptoms and medication (Kihn et al., 2008; Williams et al., 2005), but are also functionally relevant
during cognition and movement. It will be imperative to further understand the functional importance of
different target areas as well as their structural connectivity and involvement in the genesis of clinical

symptoms to further improve DBS therapy and targeting.
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3.3.1 Improving targeting approaches for DBS surgery

There are currently a handful of FDA approved targets, including the internal segment of the globus
pallidus, nucleus ventralis intermedius (ViM), subthalamic nucleus as well as several other investigational
targets used for DBS in movement and other neurological disorders, often more than one for a specific
symptom (Johnson et al., 2008).

Contemporary research in humans highlights different network structures connected to individual DBS
targets and explores structural networks (Accolla et al., 2016) involved in the generation of disease
symptoms. New programming approaches such as current steering (Timmermann et al., 2015) are able
to manipulate the volume of tissue activated (VTA) (Butson et al., 2007) and therefore a more precise
stimulation of neural structures. New software now allows for a patient-specific reconstruction of DBS
leads based on MRI and postoperative CT imaging, the reconstruction of nuclei and fibre tracts adjacent
to stimulation sites and the mapping of intra- and perioperative electrophysiological recordings (Duchin
et al., 2018; Horn and Kihn, 2015). Improving the targeting of specific (sub)-structures and fibres
involved in the generation of pathological neural activity and avoiding others will be crucial for improving
the clinical DBS effect and limiting side-effects.

While some studies suggest that PD patients show similar improvement in motor function after pallidal
as well as subthalamic stimulation (Follett et al., 2010), others state that STN DBS is superior in
improving off-drug phase motor symptoms (Odekerken et al., 2016). Therefore, the STN is often the
favoured target to treat Parkinsonian symptoms such as bradykinesia, tremor and rigidity. Accola et al.
used STN LFP recordings from PD patients to investigate the relation between oscillatory activity and
subthalamic fibre connectivity. The dorso-lateral portion of the STN, which shows the highest beta
power in the STN, predominantly projected to motor, premotor, but also to limbic and associative areas.
Ventral areas area associated with connectivity to medial temporal regions, like amygdala and
hippocampus (Accolla et al., 2016). Various research groups (Caire et al., 2011; Coenen et al., 2008; Horn
et al., 2017; Vertinsky et al., 2009; Welter et al., 2014) suggest that the posterior lateral subthalamic area
next to the nucleus ruber might be a sweet spot to guide DBS electrode placement.

There is an ongoing debate about the real parcellation of the STN, its connectivity and functional
relevance of different subsystems (Lambert et al., 2015). The STN is reported to be grouped into a
posterolateral motor and a gradually overlapping central associative area, while the limbic area is
reported in the anteromedial part of the nucleus (Jahanshahi et al., 2015b; Lambert et al., 2012;
Plantinga et al., 2016). Several groups report that DBS of the medial and limbic STN can results in the

stimulation of the medial forebrain bundle and can induce side effects like hypomania (Coenen et al.,
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2009; Welter et al., 2014). Similar can be said, to a degree, for every major DBS target (Cheung et al.,
2014; Follett and Torres-Russotto, 2012).

Advancements in structural imaging methods such as ultra-high field MRl and novel data analysis
algorithms, inspired by machine learning approaches such as deep learning (Amoroso et al., 2017; Horn
and Kihn, 2015; Milletari et al., 2016; Shen et al., 2017; Stephan et al., 2017) will ultimately refine our
understanding and conception of different neural structures and their wiring in health and disease and
could provide a novel way to find and elaborate target structures, individualizing DBS surgery. The study
of network dynamics (Grosse-Wentrup et al., 2016; Weichwald et al., 2015) in humans and animal
models during behaviour and their relation to the pathophysiology of the disorder as well as the
manipulation of neural circuits with methods such as electric or optogenetic stimulation will provide

further insights into the neural mechanisms, potential target structures and effects of DBS.

3.3.2 Novel stimulation approaches in DBS

DBS systems available today provide stimulation in an open-loop manner, which means that stimulation
settings are pre-programmed and do not automatically respond to changes in the patient’s clinical
symptoms or in the underlying physiological activity. Although open-loop stimulation paradigms remain
state of the art, limitations like overall efficiency, reduction of efficiency over time or side-effects have
become more evident as clinical experience grows. DBS therapy adjustment also remains time-
consuming, requiring physicians to evaluate countless combinations of stimulation parameters to
achieve the optimal outcome. DBS practice currently requires patients to follow-up for months
postoperatively to optimize the clinical effect of DBS. Ideally, patient and disease specific biomarkers
could help optimize and individualize therapy and help finding the optimal parameters for stimulation.

Looking forward, feedback signals will ideally be integrated into adaptive closed-loop stimulation
systems that rapidly respond to real-time patient needs and obviate the need for human programming.
Local field potentials and network connectivity measures based on electrophysiological signals with their
high temporal resolution can easily be measured with DBS electrodes or other implanted neural sensors
and hold great promise as such biomarkers. New miniature implants (Seo et al., 2016) with names like
Neural dust (Neely et al., 2018), Neurograins or Neural lace will push the boundary of signal collection
even further and ultimately promise to provide read and stimulation capabilities with a far greater
spatial and temporal detail than available at present. There now are several companies actively pursuing
brain computer interface technology by developing new neural implants, ranging from traditional

medical device producer like Medtronic, St. Jude Medical or Boston Scientific to tech start-ups like
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Neuralink, Kernel or Cortera, which in part work in close cooperation with several research institutes and
are driven by funding from the DARPA program. Efforts to create a brain-computer interface are not
limited to invasive approaches. Alternative stimulation techniques like deep brain stimulation via
temporally interfering electric fields (Grossman et al., 2017) promise new non-invasive ways to
manipulate the brain, even in deep structures. Facebook is currently pioneering an approach to read
brain signals via optical imaging and aims to sample neural activity at a greater spatial and temporal
resolution as compared to current optical approaches like functional near-infrared spectrography, which
is only able to measure a blood oxygen level dependent signal, and therefore is limited in its temporal
resolution.

Initial approaches incorporating LFP as feedback signals into adaptive DBS using beta frequency
amplitude as a mechanism to trigger stimulation (Little et al., 2013) could show clinical improvement of
symptoms compared to standard DBS (Figure 19 B). Several oscillatory patterns in different structures
like aberrant subcortical tremor and beta-frequency activity (Kihn et al., 2006; Steiner et al., 2017;
Tinkhauser et al., 2017b; Wang et al., 2006), pathological cross-frequency coupling (de Hemptinne et al.,
2015; van Wijk et al., 2016) or pathological coherence of neural activity between cortical and subcortical
structures (Cole et al.,, 2016) have been reported to be correlated with clinical symptoms and are
discussed as potential feedback signals, among others. A new approach by Meidahl et al. targets
potentially pathological beta bursts with long duration (Figure 19 C) sparing presumably functionally

relevant short beta bursts (Meidahl et al., 2017; Tinkhauser et al., 2017a).
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Figure 19. Schematic depiction of adaptive DBS stimulation paradigms based on beta frequency activity. A.
Simulated beta frequency oscillations (blue) and amplitude envelope (red) with bursts of different duration and an
arbitrary threshold (black). B. Adaptive stimulation pattern for threshold triggered stimulation. C. The stimulation

pattern when targeting only long beta bursts. Adapted with permission from (Hell et al., 2018a).

Despite early success, challenges have yet to be overcome. Beta power in the STN for example correlates
with rigidity and bradykinesia, but not with tremor (Lenka et al., 2016; Little and Brown, 2012), which is
linked to low frequency activity at tremor frequency. As PD patients for example often show multiple
symptoms, a single one-dimensional biomarker might therefore be only partly useful. Most neural
biomarkers like beta frequency oscillations are not only correlated with disease symptoms, but are also
reactive to medication (Kihn et al., 2008; Williams et al., 2005), are functionally relevant and modulated

during normal behaviour like movement or cognition (Foffani et al., 2005; Herz et al., 2016). Although
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biomarkers like beta activity seem to be stable months after DBS surgery (Staub et al., 2016), it is also
conceivable that they evolve with disease progression.

Body measurements using electromyography or kinematic sensors allowing for the assessment of
behaviour and symptom severity could be a promising alternative or additional feedback signal for use in
adaptive DBS. Kinematic parameters for example can be computed from signals collected by inertial
sensor units and then be used to quantify clinical symptoms like tremor, rigidity or bradykinesia (Cagnan
et al.,, 2013; Hell et al., 2018b; Niazmand et al., 2011; Singh et al.,, 2012). Cagnan and colleagues
stimulated patients with essential tremor and thalamic electrodes, while recording tremor amplitude
and phase with inertial sensor units. They report that the amplitude of the tremor was modulated
depending on the phase relative to the tremor cycle, at which stimulation pulses were delivered. While
stimuli in one half of the tremor cycle lead to a reduction of tremor amplitude, those in the opposite half
of the tremor cycle similarly increased tremor amplitude. Tremor suppression reached 27% at optimal
phase alignhment (Cagnan et al., 2013).

As a future direction, parameters derived from different signal sources could be used in parallel to
establish a feedback driven stimulation algorithm based on the analysis of behavioural and physiological
data and a suitable control mechanism. By integrating features derived from electrophysiological
recordings, kinematic measurements and other sensor like electromyography, the state of the patient
and the severity of disease symptoms and related neural activity might be ultimately learned and
classified end to end (Schirrmeister et al., 2017), using machine learning algorithms. To establish a real-
time link between behavioural and neural measurements, however, a data analysis model has to be able
to extract features from all sources and reliably decode clinical symptom severity as well as find
predictors for changes in behaviour in physiological measurements in real time. Large scale datasets with
both behavioural and neural measurements could provide the means to establish and validate such
models and could ultimately help establishing adaptive DBS paradigms.

When thinking about closed loop adaptive DBS, however, a distinction has to be made between
biomarkers or feedback signals and mechanisms of control. A biomarker can only describe a
correlative/predictive or causal relation to a clinical symptom. Adaptive control mechanisms then outline
how to adjust stimulation based on the evolution of biomarkers. The most basic mechanism is threshold
targeting, as briefly discussed above: when the amplitude of a biomarker, for example B-band
oscillations, exceeds a defined threshold for a specific time period, stimulation is turned on, while it is
idle the rest of the time (Little et al., 2013; Meidahl et al., 2017). As discussed aboved, one problem of
this approach is that beta oscillatory characteristics are not only related to symptom severity, but also to

medication and behaviour. Stimulation on demand has been introduced by Herron et al. who used
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cortical electrodes to sense B-band desynchronization in essential tremor patients when a movement
started, which then triggered the stimulation, while stimulation was switched off otherwise (Herron et
al., 2017; Malekmohammadi et al., 2016). A way to improve this approach would be if one is able to
predict movement before it occurs, as tremor at the beginning of a movement could not be prevented.
Another possible control mechanism was introduced by Cagnan et al.,, who suggest a method akin to
noise cancelling used in headphones. As described above, they detect the patient’s tremor with an
accelerometer attached to the affected hand and switch on the thalamus stimulation in specific phases
of the essential tremor (Cagnan et al., 2013). In PD patients with tremor, the principle of noise
cancellation has also already been used to target cortical oscillations within the tremor network with
non-invasive transcranial alternating current stimulation, which has been shown to reduce the amplitude
of resting tremor by 50% (Brittain et al., 2013). Phase targeting might potentially achieve tremor control
with far greater specificity and less power demand than current stimulation approaches. However, the
effects achieved up to date are less than generally achieved with continuous high-frequency deep brain
stimulation. Yet another alternative stimulation protocol is the temporal stimulation pattern termed
coordinated reset stimulation, which exploits plasticity mechanisms in the brain (Wang et al., 2016;
Zeitler and Tass, 2015). In coordinated reset stimulation, brief high-frequency pulse trains are delivered
through different stimulation contacts of the DBS lead at random times to introduce desynchronization
of neural activity and reset abnormal synchronization (Ebert et al., 2014). It has been shown that
coordinated reset stimulation is able to decrease abnormal synchronous oscillations in basal ganglia
structures such as the GPe and STN, improving rigidity and bradykinesia (Adamchic et al., 2014).
Appropriate randomized controlled trial studies investigating coordinated reset stimulation in a larger
cohort are needed and could ultimately confirm the encouraging preliminary results shown in this study.
Given physiological and behavioural features that describe the neural and clinical state of the patient can
be reliably decoded and ideally predicted from measurements, reinforcement learning could be another
option to learn and control stimulation paradigms and optimize the clinical state (Figure 20 depicts a
schematic for a general adaptive DBS system based on feature and reinforcement learning). In
reinforcement learning, an agent, in this case the DBS stimulation controller interacts with an uncertain
environment, namely stimulating the brain of a patient at a specific time with specific parameters, with
the goal to maximize a numerical long-term reward, in this case the (long term) clinical state of the
patient. Through the learned policy the controller ideally knows the right stimulation action in every

state (Sutton and Barto, 1998).
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Figure 20. Schematic of general adaptive closed loop DBS for adaptive adjustment of deep brain stimulation (DBS)
parameters based upon real time patient measurements, such as electrophysiological signals (LFP, M/EEG, EMG),
neurochemical parameters and behavioural measurements and machine learning. First, features from different
possible signal sources are learned (e.g. beta frequency amplitude) using deep learning approaches to classify
between different behavioural (clinical) states (e.g. bradykinesia) and corresponding neural states. Then, actual
states are compared with ideal states and stimulation parameters are adjusted and finally learned via
reinforcement learning. In this closed-loop paradigm, the stimulation parameters are adjusted within clinical limits

based upon the difference between actual neural/behavioural and desired neural/behavioural state.
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A simple version of this idea could be realised in patients with tremor dominant PD. The amplitude of the
tremor can be measured with kinematic sensors and then be used to describe the clinical state of the
patient, possibly also providing labels for supervised learning of neural parameters that are associated
with and predictive of each state. It is conceivable that deep neural nets then learn to extract features
from neural recordings such as aberrant tremor or beta frequency activity and relate them to kinematic
parameters describing tremor, bradykinesia or rigidity, augmenting the control signal for adaptive DBS.
Such a signal could then also serve as a reward signal for reinforcement learning, with the reward simply
being the difference between optimal clinical state (no tremor amplitude) and actual clinical state (actual
tremor amplitude). With such an approach, the optimal stimulation action could ultimately be learned
and adjusted based on feedback signals, when needed, closing the loop. Alternative stimulation
protocols and parameters like stimulation amplitude, frequency or pulse width, temporal stimulation
patterns like coordinated reset, timing of stimulation relative to neural and behavioural activity and
stimulated contacts could be tested within clinical limits.

However, the vast number of free parameters in DBS programming introduces a potentially very large
search space to evaluate during reinforcement learning. Algorithms for reinforcement learning are
commonly either model-free or model-based. While in model-free learning, the agent simply relies on
trial-and-error experience to learn a policy that optimizes immediate and future reward, in model-based
learning, the agent exploits previously learned lessons (Huys et al., 2014). Although model-free deep
reinforcement learning algorithms are suited for learning a wide range of applications, they often require
millions of training iterations to achieve good performance (Schulman et al., 2017, 2015), rendering this
approach inappropriate for adaptive DBS trials in humans. In model-based reinforcement learning,
experience is used to construct a model of the world, describing the transitions between states and
associated outcomes, while suitable actions are chosen by searching or planning in this world model
(Dayan and Niv, 2008). Using transfer learning could then help to personalized such a model, which has
been used before in personalized brain computer interfaces for motor rehabilitation (Jayaram et al.,
2016; Mastakouri et al., 2017). To learn such models in the first place, however, a large number of
training trials would also likely be required. Possibly animal models could help pioneering such an
approach (Temel, 2013).

Ultimately, only interventional studies can prove causal relationships and in this case the effects of
adaptive deep brain stimulation on the clinical and overall state of the patient. However, applying
countless experimental perturbations, which are necessary to gather enough observational data to learn
from, can be costly and time consuming, even when done in animal models. Inferring the causal

structure of brain networks from neuroimaging data is an important goal in neuroscience (Grosse-
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Wentrup et al., 2016; Smith et al., 2011) and various methods such as Granger causality (Granger, 1969;
Gregoriou et al., 2009), dynamic causal modelling (Friston et al., 2003; Daunizeau et al., 2011), strutural
equation modelling (Atlas et al., 2010; McLntosh and Gonzalez-Lima, 1994) and causal Bayesian networks
(Grosse-Wentrup et al., 2011; Weichwald et al., 2015) have been developed to infer causal relations
from brain imaging data. Recently, van Wijk et al. applied dynamic causal modelling to explore the
cortical-basal ganglia-thalamus loop in patients with PD and to study pathways that contribute to the
suppression of beta oscillations induced by dopaminergic medication (van Wijk et al., 2018). Also
recently, Bogacz et al. described a coupled oscillator model to predict the effects of deep brain
stimulation (Weerasinghe et al., 2018). Ideally, causal inference methods based on i.e. causal bayesian
networks could also help give testable predictions on the effects of external manipulations (Pearl, 2011),
such as the effects of deep brain stimulation. In this way, different adaptive approaches could be
explored or learned in silico and the number of interventional studies, that are required to establish an

approach, could be reduced substantially (Maathuis et al., 2010).
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ABSTRACT
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Local field potentials (LFP) of the subthalamic nucleus (STN) recorded during walking may provide clues for
determining the function of the STN during gait and also, may be used as biomarker to steer adaptive brain
stimulation devices. Here, we present LFP recordings from an implanted sensing neurostimulator (Medtronic
Activa PC + S) during walking and rest with and without stimulation in 10 patients with Parkinson's disease and
electrodes placed bilaterally in the STN. We also present recordings from two of these patients recorded with
externalized leads. We analyzed changes in overall frequency power, bilateral connectivity, high beta frequency
oscillatory characteristics and gait-cycle related oscillatory activity. We report that deep brain stimulation im-
proves gait parameters. High beta frequency power (20-30 Hz) and bilateral oscillatory connectivity are reduced
during gait, while the attenuation of high beta power is absent during stimulation. Oscillatory characteristics are
affected in a similar way. We describe a reduction in overall high beta burst amplitude and burst lifetimes during
gait as compared to rest off stimulation. Investigating gait cycle related oscillatory dynamics, we found that
alpha, beta and gamma frequency power is modulated in time during gait, locked to the gait cycle. We argue that
these changes are related to movement induced artifacts and that these issues have important implications for

similar research.

1. Introduction

Recordings of local field potentials (LFP) in the basal ganglia of
patients with Parkinson's disease (PD) have demonstrated oscillations at
several frequencies, of which the beta band has gained most attention
(Stein and Bar-Gad, 2013). Although the functional and pathological
role of (beta) oscillations are still debated (Espenhahn et al., 2017;
Eusebio and Brown, 2009; Gross et al., 2005; Pfurtscheller et al., 1996;
Raz et al., 1996), beta power has been shown to be correlated with
akinetic-rigid symptoms (Hammond et al., 2007; Kiihn et al., 2006b;
Neumann et al., 2016) in human patients as well as in animal models of
parkinsonism (Costa et al., 2006; Mallet et al., 2008; Sharott et al.,
2005). Beta oscillations are also reported to be reduced in amplitude
after levodopa intake and are attenuated by STN deep brain stimulation
(DBS) in a stimulation intensity dependent manner (Kiithn et al., 2008a,
2008b; Oswal et al., 2016; Quinn et al., 2015; Trager et al., 2016; Weiss
et al., 2015).

Local field potentials are investigated as biomarkers for adaptive
closed-loop stimulation in PD (Cagnan et al., 2013; Johnson et al.,
2016; Little et al., 2013a; Pifa-Fuentes et al., 2017; Tinkhauser et al.,

2017a). When considering oscillatory activity as a feedback signal, it is
important to understand its functional role as well as its contributions
to the genesis of clinical symptoms. Cortical as well as subcortical beta
has been shown to be involved in a series of neural processes underlying
cognitive functioning and motor behavior (Frank, 2006; Frank et al.,
2007; Herz et al., 2017a; Meijer et al., 2016; Tan et al., 2014a, 2014b;
Te Woerd et al., 2015; Williams et al., 2005; Zavala et al., 2013). Beta
modulations are reported to be correlated with decision thresholds and
reaction times as well as with grip force (Hell et al., 2018; Herz et al.,
2017b; Tan et al., 2016). Beta is decreased in amplitude during motor
imagery (Kiihn et al., 2006a; Marceglia et al., 2009) and movements
(Joundi et al., 2013; Kiihn et al., 2004; Litvak et al., 2012), while this
mechanism probably fails as bradykinesia increases (Steiner et al.,
2017). While beta power is attenuated prior, during and shortly after
movements followed by a rebound after movement termination, low
frequencies in the theta range and gamma frequencies exhibit increases
at movement onset (Cassidy et al., 2002; Chung et al., 2001; Foffani
et al., 2005, 2003; Fogelson et al., 2005; Kane et al., 2009; Ozkurt et al.,
2011; Priori et al., 2002; Tan et al., 2014a, 2014b).

Reports of beta band suppression during movement are ubiquitous,
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but investigations of the modulation of beta during gait are rare and
conflicting (Quinn et al., 2015; Singh et al., 2013; Storzer et al., 2017).
Quinn et al. report that subthalamic beta power was relatively similar
during lying, sitting, standing, and during forward walking and that
akinetic-rigid PD subjects tended to exhibit decreased beta power when
walking, while tremor dominant subjects did not. Storzer et al. report,
that patients without freezing of gait show a suppression of beta power
in both bicycling and walking, while this suppression was stronger for
bicycling. Both Singh and Storzer report a movement-induced, nar-
rowband power increase in the low beta band during walking in pa-
tients with freezing of gait, time-locked to the onset of gait.

In this study, we used a sensing neurostimulator (Activa PC + S®,
Medtronic, ple.) connected to electrodes implanted bilaterally in the
STN's of 10 patients with PD as well as recordings from externalized
leads in two of the same patients. We investigated subthalamic oscil-
latory activity during continuous gait, while also comparing neural
activity during gait and sitting and standing rest. Recordings were made
off stimulation, with stimulation at half the clinical most beneficiary
amplitude and stimulation with full amplitude. Kinematic parameters
were recorded with inertial sensor units and subsequently analyzed in
parallel to the electrophysiological activity to reconstruct gait-cycle
related oscillatory activity. Our main aim was to discuss whether and
how subthalamic frequency content changes during walking across the
gait cycle as compared to rest.

2. Material and methods
2.1. Patients, surgery, electrode localization

Ten participants with a mean age of 61.7 years (SEM = 2.1), in-
cluding 9 males and one female patient with Parkinson's disease (PD)
took part in this study and gave their written informed consent. The
protocol was approved by the Ethics Committee of the medical faculty
of the University of Munich. Clinical details of all participants are
provided in Table 1. All patients underwent implantation of DBS leads
(model 3389; Medtronic Neurological Division, MN, USA) with 4 ring
electrodes in the left and right STN for the treatment of advanced
Parkinsonism at the Department of Neurosurgery at the hospital of the
University of Munich. Initial stereotactic coordinates were 12 mm lat-
eral, 3mm posterior and 4 mm below the midpoint of the AC-PC line.
Coordinates were adjusted by direct visualization of the STN on in-
dividual pre-operative T2-weighted MRI scans. Intraoperative single
cell recordings and macrostimulation guided the final placement of the
electrode leads. The exact position of the DBS electrodes in relation to
the subthalamic target structures were determined based on the pre-
operative T2-weighted MRI and postoperative CT scans, using the Lead
DBS toolbox (Horn and Kiihn, 2015) and 3DSlicer software (www.

Table 1
Clinical details.
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slicer.org). MRT and CT were aligned manually using 3DSlicer soft-
ware, co-registered using a two-stage linear registration (rigid followed
by affine) as implemented in Advanced Normalization Tools (Avants
et al.,, 2008) and normalized to MNI space (MNI ICBM Nonlinear 2009b
template), (Fonov et al., 2011). To visualize the STN, we used an atlas
to outline the STN and its putative subdivisions, the motor, the asso-
ciative and the limbic area (Accolla et al., 2014).

2.2. LFP recordings and kinematic measurements

In all patients, the leads were connected to the implanted sensing
neurostimulator (Activa PC + S®, Medtronic, plc.) to record LFP's bi-
polarly from the electrode contact above and below the single negative
stimulation contact, colored in light red (Fig. 1). The stimulation con-
tact was chosen according to best clinical outcome. All LFP data were
sampled at 422Hz. We additionally recorded LFP data from ex-
ternalized leads during the same conditions in two of these patients
before implantation of the neurostimulator. Here, sutbhalamic LFP
were recorded from the four contacts of the implanted stimulation
electrodes in bipolar fashion using Brain Vision Recorder software and
Brainamp amplifiers (Brain Products GmbH, Gilching, Germany). The
bipolar pair containing the later stimulation electrode was chosen for
evaluation. The experiments with externalized recording were per-
formed two days after the initial surgery and the experiments with in-
ternal sensing equipment were performed at least 2 months after initial
programming on the same or on consecutive days within the first year
after implantation. We had to exclude recordings from one subject, as
the LFP's were severely contaminated with ECG artifacts.

Movement parameters were recorded using inertial sensor units. We
used a research prototype measurement and recording system with one
analog gyroscope (IDG500, Invensense, Sunnyvale, CA, USA) and two
analog accelerometers (ADXL335, Analog devices, Norwood, MA, USA)
on each shank and each thigh to record kinematic profiles. Data were
collected by a microprocessor (ATXMEGA 128, Atmel, San Jose, CA,
USA) with 16 analog-digital converters (12-bit) connected to an SD-
card for data storage. Data from the sensors were collected at 200 Hz.
Synchronization of gait and LFP data was achieved by a transcutaneous
electric nerve stimulator (TENS) device which was triggered at the
beginning and before the end of the recording by the gait recording
processor and delivered electric impulses between right mastoid and
left shoulder which were recorded by the neurostimulator.

2.3. Task design

LFPs were recorded during sitting (2 min), standing rest (2 min) and
free walking (approx. 125m) along a hallway. Experiments were re-
corded following overnight withdrawal of dopaminergic medication

Ten patients with Parkinson's disease (1 female, mean age 61.7 + 2.1 years; disease duration 9.8 * 0.9 years) were studied 1 month — 1 year after DBS surgery.

Case Age Gender Disease duration Main symptoms UPDRS-III Tremor Rigor Gait Lateralization
ON/OFF ON/OFF ON/OFF ON/OFF Right/left

1 66 m 9 Equivalent 51/78 0/5 5/10 2/3 25/20

2 64 m 16 AR 23/73 0/0 3/9 1/3 23/20

3 61 m 8 TD 17/44 11724 1/5 1/2 16/10

4 54 f 8 Equivalent 10727 3/6 1/5 1/1 13/6

5 71 m 12 Equivalent 22/38 9/10 4/5 121 11/14

6 53 m 12 Equivalent 4727 0/6 0/5 11 13/6

7 70 m 8 AR 23/40 0/0 7/11 1/2 15/15

8 55 m 7. Equivalent 15/33 4/10 3/8 1/2 3/12

9 66 m 11 Equivalent 26/75 6/18 1/12 2/2 7/11

10 57 m 2 AR 30/53 0/0 5/13 1/1 10/9

Evaluation was performed OFF medication after overnight withdrawal from dopaminergic medication in random order (ON/OFF DBS); Tremor score reflects the total
score on all ratings in items 15-18 in the UPDRS IIL, rigor score reflects all ratings on item 3 and gait item 10, lateralization score reflects all scores that allow for the
assessment of lateralization of Parkinsonian symptoms, including item 3-8, 15-17.
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Fig. 1. Shank rotation measurements, raw LFP recordings and electrode localization. A. Shank rotation velocity of two different goniometer sensors setups mounted
at right and left leg of one patient during walking and raw LFP trace from a single STN recording with Activa PC + S sensing. B. Posterior dorsal view of DBS-
electrode localizations in left and right STN. The motor region of the STN is depicted in dark red, the associative subregion in light blue and limbic subregion in
yellow. The contact used for stimulation is colored in light red (see text for details). (For interpretation of the references to color in this figure, the reader is referred to

the web version of this article.)

and with and without DBS. DBS state (on/half/off) was changed ap-
proximately 30 min before each recording session. We conducted ex-
periments without stimulation and with two different stimulation in-
tensities: stimulation at the clinical optimal amplitude and half that
amplitude. Stimulation frequency was 140 Hz and pulse duration was
60 ps for all recordings. Participants were asked to walk along a cor-
ridor with slow and normal speed, turn at the end and walk back. The
turn was excluded from further analysis.

3. Analysis
3.1. Analysis of kinematic measurements

First, kinematic signals were re-sampled off-line to 422 Hz to match
the LFP sampling frequency. Then, rotational positions of shank and
thigh were computed by Kalman filtering and the trajectory of the feet
were reconstructed using a 4-segment leg model with inverse kine-
matics. Terminal contact (TC), peak and initial contact (IC) were de-
fined in the shank rotational velocity signal as described previously
(Botzel et al., 2016). We used the shank rotational velocity signal to
visualize the gait cycle and calculated the parameters stride length, gait
velocity and foot clearing to describe the gait cycle (Botzel et al., 2018).
For statistical evaluation we computed a Wilcoxon signed rank test to
test for differences between conditions. We corrected the resulting p-
values with False Discovery Rate (FDR) correction for multiple com-
parisons (Benjamini and Yekutieli, 2005; Groppe et al., 2011). Kine-
matic parameters with and without stimulation during slow and normal
gait are reported in Supplementary materials.

3.2. Analysis of spectral power during gait and rest

We only included recordings from Activa PC + S in the analysis,
except time frequency single subject analysis. All continuous recordings
were divided into equal epochs with durations of 2s. The epochs were
visually inspected for artifacts; epochs containing artifacts were dis-
carded if they exceeded an amplitude threshold set manually for each
STN recording, determined from the rest recordings. We then calculated
the frequency power spectrum using fast Fourier-transform-based
methods (Matlab function fft) and subsequently averaged over across
all epochs for each nucleus. In order to control for between nucleus
differences in frequency power, which can be influenced by proximity
of the electrode to the LFP source and the local electrical properties of
the surrounding tissue (Neumann et al., 2016), we calculated the
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relative power spectrum for each recording separately. To calculate the
relative spectrum, we normalized each recording by its own overall
mean power across frequencies, excluding low frequencies (up to
10Hz) and other frequencies with possible technical artifact con-
tamination related to the sensing equipment (33-37 Hz, 48-52Hz,
90+ Hz) (Neumann et al., 2016; Singh et al., 2013; Storzer et al.,
2017). To assess the effect of gait on the frequency spectrum, we con-
ducted a one-way ANOVA with the factors gait and rest to test for
differences between the average relative power in the high beta fre-
quency band (20-30Hz) in each nucleus, followed by a Wilcoxon
signed rank test. We applied the same procedure to the factors slow gait
and standing rest. To confirm this analysis, we also investigated the
change of average absolute high beta power (20-30 Hz) during normal
gait in % relative to sitting rest baseline across subjects, averaged across
bilateral nuclei. For statistical evaluation we computed a one-sample t-
test.

3.3. Instantaneous amplitude extraction

The following analyses use the instantaneous amplitude (amplitude
envelope) of frequency specific activity. We used a butterworth band-
pass filters (Matlab function butter, filter order 5, zero-phase filtering)
and the Hilbert transform to extract the instantaneous amplitude (am-
plitude envelope) and power across time at frequencies from 3 until
100 Hz with steps of 1 Hz.

3.4. Bilateral STN amplitude-amplitude correlations

For amplitude-amplitude correlations, we computed Pearson's cor-
relation coefficients (R) (Arnulfo et al., 2015) between bilateral STN
amplitude envelope time series across frequencies, while excluding
time periods with possible artifact contamination. The correlation
coefficient ranges from —1 to 1, with 0 indexing absence of correlation
to 1 for perfect linear relationship and —1 for perfect anticorrelation.
Correlation measures were computed separately for each subject and
each resting and walking condition. To assess the modulatory effect of
gait on the high beta amplitude-amplitude correlations across subjects,
we conducted a one-way ANOVA to test for differences between the
average correlations in the high beta frequency band (20-30 Hz) during
normal gait and sitting rest without stimulation, followed by a Wil-
coxon signed rank test. We applied the same procedure for testing slow
gait against standing rest.
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3.5. Life- and waiting-times analysis of high beta oscillation bursts

To analyze characteristics of oscillatory bursts, for each frequency
and nucleus, we determined bursts based on a common median am-
plitude threshold across sitting rest and gait recordings, similar to re-
cent research (Tinkhauser et al., 2017b). The epoch in which the am-
plitude envelope is above this threshold is considered the lifetime of a
burst and the epochs below are termed waiting-times. The procedure to
extract life- and waiting-times has been previously described by Montez
et al. (2009). A life-/waiting-time ratio (LWR) over 1 indicates that
oscillatory bursts above the threshold are longer in duration than the
time-periods in which the amplitude does not cross the threshold. To
evaluate the modulatory effect of gait on the high beta LWR across
nuclei, we conducted a one-way ANOVA to test for differences between
the average LWR in the high beta frequency band (20-30 Hz) during
normal gait and sitting rest, followed by a Wilcoxon signed rank test.

3.6. High beta burst-shape analysis

To further investigate the nature of oscillatory bursts during gait as
compared to rest, we studied the average shape of high beta bursts
(Feingold et al., 2015). To find bursts, we marked each peak of the
average high beta amplitude envelope (Matlab function findpeaks) and
averaged across all bursts from each nucleus and condition using the
timeframe of + 30 ms around the peak. For statistical testing we used
the average amplitudes across the whole epoch from each nucleus and
condition for comparison. To test for differences between normal gait
and sitting rest, we used a Friedman test followed by a Wilcoxon signed
rank test, as data was not normally distributed (Kolmogorow-Smirnow-
Test).

3.7. Gait-cycle related time-frequency power analysis

To reconstruct gait-cycle related oscillatory activity, we time-
warped the shank rotational signal and the squared amplitude time
course at each frequency from each gait cycle epoch, pragmatically
defined as the epoch between two succeeding peaks of the rotational
signal of one leg (Fig. 3A, Supplementary Fig. 3E, F). All epochs were
re-sampled to a common timeframe of 100 samples, and averaged
across epochs. To construct a sitting baseline, we used the same
method, replacing the recordings made during gait with those during
rest. For each nucleus we then calculated the mean percentage change
between the gait time-frequency decomposition and the average base-
line during sitting rest and gait across time for all frequencies and time
points. For group analysis we then averaged across nuclei and then
across subjects. For epochs starting and ending with the left leg mid-
swing peak (e.g. Supplementary Fig. 3E), we used the time-frequency
decomposition of the LFP from the right STN (e.g. Supplementary
Fig. 3A) and vice versa (“contralateral averaging”).

To assess group differences in oscillatory activity between gait and
rest across the gait cycle statistically, we first calculated the z-statistics
for each time-frequency point separately (using Matlab function sign-
rank) using individual time-frequency power averages across left and
right nuclei. We considered the true z-value significant if it surpassed
the 95% percentile of the z-statistic distribution established by testing
10,000 surrogate datasets, generated by shuffling between gait and rest
averages across participants, for differences. We only considered clus-
ters with > 20 adjacent time-frequency samples significant (Maris
et al., 2007; Maris and Oostenveld, 2007).

To investigate lateralization of oscillatory activity during gait, we
repeated the epoching and averaging procedure, this time using the LFP
from the ipsilateral STN for the respective epochs (“ipsilateral aver-
aging”). To compare and evaluate results, we also analyzed single
subject data from recordings with externalized leads in the same
fashion. We did not add these data to the group analysis.
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4. Results
4.1. Patient details and localization of DBS leads

We could confirm stimulation and recording sites for all but two
patients (Fig. 1). We had to exclude two subjects from localization; one
subject only had a post-operative MRI image which did not allow
proper electrode localization, while proper registration of MRI and
post-operative CT wasn't possible in another subject because of a de-
formed CT scan. All but two of the analyzed stimulation contacts were
placed within the motor STN (with distances between each contact
center and nearest atlas voxel center below 0.5 mm). The other two had
a distance of 0.9 mm and 0.54 mm and were located behind the pos-
terior part of the STN. Overall, a mean distance of 0.19 mm (SEM =
0.02) between each stimulation contact center and nearest atlas voxel
center in the motor STN was found.

Confirming the electrode localizations, stimulation amplitudes were
within normal ranges. In the condition full amplitude stimulation,
which resembles clinical optimal voltage intensity, a mean constant
voltage of 2.71 ( + 0.15mV) was observed on the group level.
Furthermore, our cohort benefitted from stimulation as evidenced by
significantly lower UPDRS-III scores with stimulation as compared to
without stimulation (Wilcoxon signed rank test, p = 0.002, see Table 1
for clinical details) and a betterment in gait parameters (see Supple-
mentary Fig. 1, results and discussion) with stimulation. Although pa-
tients showed minor gait impairments with varying degrees (see Table 1
for UPDRS-III scores), all patients were able to walk regularly without
problems for extended periods of time.

4.2. High beta band oscillatory activity is attenuated during gait

The power-spectrum shows a significant effect in the high beta
frequency range (20-30 Hz) (Fig. 2A). The average relative power in
this band is reduced in amplitude during all walking conditions as
compared to all resting conditions. An ANOVA with the factor task
(sitting rest/normal gait) showed a significant main effect of task (F(1,
36) = 12.38, p = 0.001) on high beta band power across nuclei. A
follow up Wilcoxon signed rank test confirmed significant differences
(p < 0.0001). This difference was also significant between standing
rest and slow gait (F(1, 36) = 4.91, p = 0.03; Wilcoxon signed rank
test: p < 0.0001). No significant change was found in other frequency
ranges. To supplement the relative power analysis approach and con-
firm results across subjects, we calculated the percent change in oscil-
latory power from normal gait to sitting rest in the high beta frequency
range for each participant, averaging over left and right STN before-
hand. Group mean percentage change from normal gait to sitting rest
showed a significant attenuation of spectral power during gait as
compared to rest in the high beta frequency range without stimulation
(one sample t-test; t(9) = — 6.5, p = 0.0001; mean = —39.2% = 6%).

4.3. High beta band bilateral amplitude correlations are reduced during gait

To evaluate gait-related changes in oscillatory connectivity, we
compared bilateral subthalamic amplitude envelope correlations across
frequencies between rest and gait (Fig. 2B). The amplitude-correlation
spectrum shows a distinct effect in the high beta frequency range
(20-30 Hz). Correlations are reduced in strength during walking as
compared to rest. An ANOVA with the factor task (sitting rest/normal
gait) showed a significant main effect of task (F(1, 18) = 6.72,
p = 0.02) on average amplitude-amplitude correlations in the high beta
band (20-30 Hz) across all remaining 9 participants with bilateral re-
cordings without ECG. A follow-up Wilcoxon signed rank test confirmed
significant differences (p < 0.01). We also evaluated differences in
amplitude correlations during slow gait and standing rest. An ANOVA
with the factor task (standing rest/slow gait) confirmed results with a
significant main effect of task (F(1, 18) = 6.72, p = 0.02 Wilcoxon
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Fig. 2. Oscillatory bilateral STN frequency power, connectivity and burst analysis. A. Group relative power spectrum showing a significant difference in the high beta
band 20-30 Hz. High beta power during sitting and standing rest is comparable and is attenuated during normal and slow gait. B. Group amplitude envelope
correlations across frequencies between left and right STN showing significant differences between rest and gait in the high beta band. C. LWR of oscillatory bursts
across frequencies during gait and sitting rest showing significant differences in the high beta band. Lifetimes of beta bursts are prolonged during rest and waiting-
times are shortened as compared to gait. D. Shape of high beta bursts during rest and gait showing higher peak amplitudes and narrow in regard to burst width during

rest as compared to gait. Shaded error bars indicate SEM.

signed rank test: p = 0.02).
4.4. High beta band burst life-times are decreased during gait

To characterize gait-related changes in high beta band burst beha-
vior, we compared life- and waiting-times across frequencies between
gait and rest (Fig. 2C). The LWR is significantly reduced in the high beta
band, while during rest, life-times of high beta bursts are longer, and
waiting-times are reduced as compared to gait. An ANOVA with the
factor task (rest/gait) showed a significant main effect of task (F(1,
36) = 10.88, p = 0.002) on LWR in the high beta band (20-30Hz)
across all 18 nuclei. A follow up Wilcoxon signed rank test confirmed
significant differences (p = 0.01).

4.5. High beta band burst overall amplitude is decreased during gait

To investigate high beta band burst shape, we compared the average
burst amplitude in the epoch around the burst peak across patients
between gait and rest (Fig. 2D). We describe that overall amplitude as
well as burst width are decreased during gait. We tested overall high
beta burst amplitude across the whole epoch around the burst peaks
and report a significant reduction during gait (x*(2) = 9, p = 0.002,
Wilcoxon signed rank test: p = 0.005).

4.6. Time-frequency power modulation during gait

Time-frequency group analysis of gait-cycle related oscillatory ac-
tivity in the STN in relation to average resting baseline shows mod-
ulation at several frequencies (Fig. 3B). While low frequencies seem
increased across the whole gait cycle, alpha (8-13Hz) and low beta
(13-20 Hz) oscillations show gait-cycle locked modulations relative to
the resting baseline. However, these differences are not significant on a
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group level. Only high beta frequencies (20-30Hz) show significant
decreases (p < 0.05) across the whole gait-cycle (Fig. 3C) when com-
pared to rest, confirming power spectral analysis results.

In relation to average gait baseline, gait-related time-frequency
analysis displays a modulation pattern with alpha, beta and gamma
frequency power being increased before and around the point of
terminal contact of the foot contralateral to the respective STN. This
lateralized modulation pattern is especially obvious when comparing
contralateral and ipsilateral averaging results (Fig. 4).

This group average lateralized modulation pattern is a result of in-
dividual time-frequency modulations (see Supplementary material,
Supplementary Figs. 3 and 4). Supplementary analysis shows that that
signal modulations in both leads in the example subjects actually
happen at the same time, regardless of laterality.

5. Discussion

This study shows that it is feasible to record neural activity from a
sensing neurostimulator (Activa PC + S®, Medtronic, plc.) in parallel
with kinematic measurements in freely moving PD patients and to de-
tect gait cycle related changes in oscillatory power. We believe caution
is necessary when interpreting the origin of the signal modulations
during gait and argue that our results show physiological effects as well
as technical artifacts.

5.1. High beta band oscillatory activity is attenuated during gait

To investigate the function of the STN during continuous walking,
we describe changes of relative spectral power and percentage change
of absolute power between gait and rest. Our power spectral analysis
shows a significant attenuation of subthalamic high beta frequency
power on the group level (Fig. 2A) and time-frequency analysis confirm
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Fig. 3. A. Group shank rotation velocity. Gait cycle is epoched between the
peak of the shank rotational velocity of one leg and the following peak of the
same leg. Average contains epochs starting with left (e.g. Supplementary
Fig. 3E) and right legs (e.g. Supplementary Fig. 3F). B, C. Time-frequency group
analysis showing gait cycle locked modulation in relation to average resting
using “contralateral averaging”. While high beta frequency power is attenuated
across the gait cycle, low frequencies show increases. Frequencies between 8
and 20 Hz do show increases in power in the double support periods of the gait-
cycle. C. Group z-statistics for comparison between gait and rest showing sig-
nificant decreases in power during gait in the high beta range (20-30 Hz) across
the whole gait-cycle. Non significant z-values are zeroed out.

attenuation throughout the gait cycle (Fig. 3B, C). Evidence for beta
power attenuation and gamma band increases in the cortex and basal
ganglia during single movements come from various studies (Kiithn
et al., 2004; Litvak et al., 2012; Tan et al., 2016). Tan et al. described
that oscillatory activity in the STN, particularly the gamma (55-90 Hz)
and beta (13-30 Hz) band of the contralateral STN were most useful for
decoding ipsilateral movement force during single movements. Earlier
studies recording STN LFP during continuous movement suggest a re-
duction in beta frequency power during walking, particularly in aki-
netic-rigid, but not tremor dominant and freezing patients (Quinn et al.,
2015; Singh et al., 2013; Storzer et al., 2017).

A few factors might influence inconsistency of findings in the lit-
erature. Tan et al. report that decoding was only successful in part of
the recordings in which such a pattern was visible, but not in a second
cluster, in which no significant movement-related modulation was ob-
served in either the beta or gamma band. The mean frequency spectrum
of the second group showed increased activity at low frequencies, ex-
tending to 25 Hz, particularly during the force onset phase. They argue
that movement related artifacts are a possible cause for their observa-
tion of low frequency power increases at the time of movement onset,
which also contaminated the beta band (Tan et al, 2016). It is
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Fig. 4. A, B. Time-frequency group analysis showing gait cycle locked ampli-
tude envelope modulation in relation to average gait baseline in alpha, beta and
gamma frequencies using contralateral and ipsilateral averaging methods. For
the average difference in A. signals from the left STN are used in epochs locked
to right leg shank rotation peaks and right STN LFP in epochs beginning with
the left foot (contralateral averaging). In B., the same analysis is presented, but
using right STN LFPs for epochs which begin with right leg movement and vice
versa (ipsilateral averaging).

conceivable that movement related artifacts (Fig. 4, Supplementary
Figs. 3 and 4) during gait possibly also influence higher frequencies
including beta and gamma and induce increases that obliterate phy-
siological effects, therefore making it hard to detect such decreases.
Another reason for the lack of consistent reports might be that these
studies are conducted in PD patients, which are known to show elevated
beta levels (Hammond et al., 2007). It has been shown, that excessive
synchronization induced by low-frequency stimulation of subthalamic
neurons at 20 Hz slows down movement in Parkinson's disease (Chen
et al., 2007; Eusebio et al., 2008). Also, the development of bradyki-
nesia during locomotion might be associated with a failure of beta at-
tenuation. Confirming earlier reports, Steiner et al. showed that activity
in the beta band was reduced during repetitive finger tapping, but re-
occurred with the re-emergence of bradykinesia during prolonged
tapping (Kiihn et al., 2006b; Steiner et al., 2017).

5.2. High beta band bilateral connectivity is reduced during gait

With the investigation of differences in bilateral amplitude-ampli-
tude correlations, we wanted to assess gait related changes in bilateral
subthalamic oscillatory connectivity. Here, we report a reduction in
bilateral amplitude-amplitude correlations in the high beta band during
gait (Fig. 2B), confirming reports about movement-induced reduction in
bilateral connectivity. Beta coherence between ipsilateral STN, globus
pallidus internus and cortical regions has been reported to be atte-
nuated by movement without dopaminergic medication. With medi-
cation however, beta levels are generally attenuated and power within
the STN and coherence between the STN, globus pallidus internus and
EEG was dominated by gamma band activity (70-85 Hz), increasing
with movement (Cassidy et al., 2002; Lalo et al., 2008; Little et al.,
2013b). While most studies focus on within hemisphere connectivity,
other reports show that even unilateral movement results in bilateral
changes in the STN, probably reflecting cortical input (Alegre et al.,
2005). Niketeghad et al., report motor-modulated inter-hemispheric
connectivity between bilateral STN LFP signals (Niketeghad et al.,
2017). Hohlefeld and colleagues demonstrated coherence (iCOH)
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between bilateral STN in the beta range (10-30 Hz). While iCOH in the
10-20 Hz frequency range positively correlated with the worsening of
motor symptoms in the OFF medication condition, iCOH in the high
beta range (21-30Hz) was increased after levodopa administration
(Hohlefeld et al., 2014). Hohlefeld et al. do not report on changes in
oscillatory power. While this findings suggest a dissociation of low and
high beta oscillations and relates only low beta oscillations to motor
symptoms, our finding suggest that high beta oscillations are related to
gait. The finding from Hohlefeld et al. stands in contrast with Little
et al. (2013b), who also investigated the effects of levodopa medication
on oscillatory power and interhemispheric connectivity in PD patients.
Conversely, they report decreases in spectral power as well as decreases
in standard coherence in the 13-20 Hz frequency band, but no sig-
nificant changes in the high beta band. An ensuing question here is, if
low and high beta band are indeed dissociable and have different
functional relevance or other factors like interindividual variance
(Haegens et al., 2014), small sample sizes or electrode location
(Hohlefeld et al., 2014), contribute to the inconsistency and hetero-
geneity across reports.

5.3. High beta band burst life-times and burst amplitude are decreased
during gait

Recently, it has been proposed to use pathological long beta bursts
as a feedback signal for adaptive DBS (Meidahl et al., 2017; Tinkhauser
et al., 2017a). The same group described that overall beta burst am-
plitude and duration in the STN are reduced by dopaminergic medi-
cation, while beta bursts with a long duration are decreased and short
duration low amplitude bursts are increased (Tinkhauser et al., 2017b).
We report that oscillatory characteristics are similarly affected during
gait. We showed that the high beta burst amplitude and width is re-
duced during gait (Fig. 2D). Life-times of high beta bursts are reduced
while waiting-times are increased, as indicated by significantly reduced
LWR during gait (Fig. 2C). Together these findings indicate a reduction
in burst strength and duration, mirroring differences found in record-
ings on and off dopaminergic medication.

5.4. Frequency modulation during gait

Here, we discuss the gait-cycle specific and seemingly lateralized
modulation pattern (Fig. 4) of alpha, low beta and gamma frequencies
that is time-locked to the gait-cycle. Power in alpha, beta and gamma
frequencies is increased before and around the point of terminal contact
of the foot contralateral to the respective STN.

Invasive electrophysiological studies reporting frequency amplitude
modulations during movement and especially during gait are rare and
conflicting. Androulidakis and colleagues showed that subthalamic
oscillatory activity in the beta band was modulated in amplitude by
finger tapping and this modulation probably failed as bradykinesia in-
creased (Androulidakis et al., 2008). Florin et al. report increased ac-
tivity in the low beta (12-18 Hz) and gamma (30-48 Hz) frequency
ranges within the STN during fist flexion and extension and hypothesize
that increases in gamma power enable repetitive fist movement despite
increased beta levels (Florin et al., 2013). Storzer and colleagues report
gait-cycle related STN power modulations in the 24-40 Hz range, which
was correlated with EMG activity (Storzer et al., 2016). The same group
also compared STN activity during bicycling and walking in PD patients
with and without freezing of gait, affirming earlier reports. Patients
without freezing of gait, in both bicycling and walking conditions,
showed a suppression of subthalamic beta power (13-35 Hz). Freezers
showed a similar pattern in general and an additional, movement-in-
duced, narrowband power increase around 18 Hz time-locked to the
onset of gait, reflecting earlier reports (Singh et al., 2013; Storzer et al.,
2017). They argue that these results indicate that bicycling facilitates
overall suppression of beta power and that specifically in patients
susceptible to freezing, walking leads to exaggerated synchronization in
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the low beta band.

Our reported average group-level frequency dynamics seem to show
a paradigmatic modulation pattern, partly overlapping with earlier
studies on movement related frequency alterations. We want to argue
that we are skeptical about the origin of the frequency power increases
in our data and think that these considerations are relevant for similar
research approaches. Previous invasive studies claim that movement
related artifacts are restricted to low frequencies below 10Hz
(McCrimmon et al., 2017; Singh et al., 2011; Storzer et al., 2017).
However, it has been previously shown that the influences of movement
artifacts in electrophysiological signals on the frequency spectrum are
not restricted to low frequency oscillations, but could indeed span
several frequency ranges and are possibly time-locked to the gait cycle,
using scalp EEG recordings (Castermans et al., 2013, 2012; Kline et al.,
2015).

The lateralized modulation pattern visible in the group average
(Fig. 4) is arguably driven by differences in artifact contamination
across left and right STNs in individual subjects, as evidenced by
stronger modulations in both the right STN in both example subjects
(see Supplementary results and discussion). We think that movement
artifact related noise influences electrophysiological recordings across
setups — internal or external — that involve cables that can move or can
be affected by tribo-electric effects and are extremely difficult to avoid
completely. Together with putative physiological signal modulations
(e.g. beta-power suppression), movement artifacts can induce fre-
quency specific biases and lead to false positive results on a group level,
especially with small group sizes. Various approaches, ranging from
template subtraction to independent component analysis have been
used to clean recordings from movement-related artifacts, but neither
could conclusively show to disentangle physiological signals from
technical noise (Castermans et al., 2013; Gwin et al., 2011, 2010;
Snyder et al., 2015).

5.5. Beta oscillations as input for adaptive DBS

Our results do question if a threshold based on beta band oscilla-
tions alone is appropriate to use as a feedback mechanism in closed-
loop DBS (Little et al., 2013a; Meidahl et al., 2017). Beta band oscil-
lations are not only related to symptom severity, but also to medication
(Kithn et al., 2008a, 2008b; Williams et al., 2005), cognition and
movement (Foffani et al., 2005; Hell et al., 2018; Herz et al., 2016).
Also, PD patients for example often show multiple symptoms, a single
one-dimensional biomarker might therefore be only partly useful. Beta
power in the STN correlates with rigidity and bradykinesia, but not
with tremor (Lenka et al., 2016; Little and Brown, 2012), which is
linked to low frequency activity at tremor frequency. Moreover,
movement related noise can induce tonic changes in beta levels, fur-
thermore complicating the use of oscillatory signals for adaptive deep
brain stimulation. In addition to neuronal signals, kinematic measure-
ments that might allow for the description of movement kinematics (for
an analysis of movement parameters with and without DBS, see Sup-
plementary material) and symptom severity could be a promising al-
ternative or additional feedback signal for use in adaptive DBS. Inertial
sensor measurements have already been successfully used for adaptive
stimulation in essential tremor. While recording tremor amplitude and
phase with inertial sensor units, Cagnan and colleagues stimulated
patients with essential tremor and thalamic electrodes at specific phases
of the tremor movement, successfully reducing tremor amplitude in a
subset of patients (Cagnan et al., 2013).

By integrating features from electrophysiological recordings and
kinematic measurements and other sensors like electromyography, the
clinical state of the patient, the severity of disease symptoms and re-
lated neural activity might be ultimately learned and related to each
other, using machine learning algorithms (Schirrmeister et al., 2017)
and causal modelling approaches (Rubenstein et al., 2017). Stimulation
parameters could be varied within clinical limits and those parameters
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that are associated with optimal clinical state and neural parameters
could then be learned via reinforcement learning.

5.6. Study limitations

This study was conducted in patients with Parkinson's disease which
are known to show aberrant subthalamic oscillatory activity (Hammond
et al., 2007) and problems during walking. Although patients were
investigated after overnight withdrawal of medication, they were able
to walk continuously without major impairments. We could show that
our leads were placed in the posterior dorsal region and putative motor
part of the STN (Accolla et al., 2016). It is still debated whether the
subthalamic nucleus has distinct subregions, where exactly the motor
subregion resides and what oscillatory mechanisms possibly reflect
different subregions, networks and processes (Coenen et al., 2009;
Greenhouse et al.,, 2011; Groppa et al., 2014; Horn et al.,, 2017;
Jahanshahi et al., 2015; Lambert et al., 2012; Lanciego et al., 2012;
Mallet et al., 2007; Plantinga et al., 2016).

6. Conclusion

The present study provides insight into subthalamic oscillatory dy-
namics during walking without and with stimulation and discusses the
origin of the described signal modulations. We report persistent gait
related attenuation of high beta frequency oscillations throughout the
gait cycle, which is absent during stimulation (see Supplementary
material). High beta band power and bilateral high beta connectivity
are reduced during gait and oscillatory characteristics such as high beta
burst amplitude and LWR follow the same pattern. Our analysis of gait
cycle related oscillatory dynamics suggest that power in alpha, beta and
gamma frequencies is increased before and around the point of terminal
contact of the foot contralateral to the respective STN. Although our
results overlap in part with previous reports, we argue that gait cycle
locked signal increases we report here are driven by movement-related
artifacts.
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Supplementary Methods
The effect of stimulation on oscillatory activity in the STN

To assess the effect of stimulation, we compared normalized power spectra during rest recorded
without, with stimulation at half amplitude and with stimulation at full clinical beneficiary
amplitude. Similar to the approach used by Neumann et al. (Neumann et al., 2016), we
normalized individual power spectra to average of total power over the 10-32 Hz, 38-45 Hz, 55-
87 Hz and 73-95 Hz ranges for each contact-pair. We omitted the frequency ranges between 0-
10 Hz, 46-54 Hz, 33-37 Hz and 68-72 Hz ranges to avoid contamination by mains noise,
movement artefacts, artefacts in the sub-harmonic range of 140 Hz DBS and low frequency
noise due to an interaction of the sampling rate of 422 Hz and stimulation frequency (Neumann
et al., 2016). To assess the effect of stimulation on beta power (13-30 Hz) on a group level, we
conducted a one-way ANOVA, followed by a Wilcoxon signed rank test to confirm differences

between stimulation states. Multiple comparisons were corrected using FDR correction.

To investigate the effect of stimulation on gait related high beta band attenuation, we computed
the change of raw power in percent for each subject from gait to rest in the high beta frequency
range (20-30) Hz for each stimulation setting and averaged across subjects. To assess the
effect of stimulation on the gait-related high beta frequency modulation statistically, we
conducted a one-way ANOVA, followed by a Wilcoxon signed rank test to confirm differences

between stimulation states. Multiple comparisons were corrected using FDR correction.

Supplementary Results

Kinematic parameters during slow and normal walking with and without stimulation

We report that the kinematic parameters stride length, gait velocity and foot clearing are affected
by DBS treatment (Figure 1). Stride length during slow as well as normal walking is significantly
higher during stimulation on as compared to stimulation off. A Wilcoxon signed rank test
confirmed significant differences for slow (p < 0.03) and normal gait (p < 0.03). Gait velocity
during slow as well as normal walking is slightly higher with as compared to without stimulation,
however, a Wilcoxon signed rank test did not show significant differences for slow (p = 0.2) and
normal gait (p = 0.12). Foot clearing during slow as well as normal walking is significantly higher
with stimulation, a Wilcoxon signed rank test confirmed significant differences for slow (p = 0.04)
and normal gait (p = 0.02). Stride length (p < 0.03, p < 0.003) and gait velocity (p < 0.003, p <
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0.003) are significantly higher during normal walking as compared to slow walking in both

stimulation conditions.
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Figure 1. Kinematic parameters during slow and normal walking with and without DBS. Stride length, gait
velocity and foot clearing are reduced during slow and normal gait without stimulation as compared to
stimulation. Gait velocity was lower during slow as compared to normal walking across stimulation states.

Error bars indicate 95% confidence intervals.

The effect of stimulation on oscillatory activity in the STN

A comparison of relative frequency power between different stimulation states in our recordings
shows that beta band power (13 — 30 Hz) gets diminished in a voltage dependent manner with
stimulation (Figure 2 A). There was a statistically significant main effect of stimulation on beta
band power as determined by one-way ANOVA (F (2,57) = 17.18 , p <.000002) across nuclei.
Comparing the effect between all three stimulation conditions using a Wilcoxon signed rank test,
a significant reduction from no stimulation to half-amplitude stimulation (p = 0.002) and a
significant reduction from no stimulation to full stimulation (p = 0.001) and half stimulation and

full stimulation (p= 0.003) can be observed.
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Figure 2. The effect of stimulation on oscillatory activity in the STN during rest and gait. A. Normalized
STN power spectrum during rest without, with half and full clinical beneficiary stimulation amplitudes. Beta
power (13 - 30 Hz) is attenuated in a voltage dependent manner. B. Gait related attenuation of high beta
band power vanishes in a voltage-dependent manner. While the high beta frequency band between 20
and 30 Hz is attenuated during gait as compared to rest without and with stimulation with half amplitude,
this difference is absent during stimulation with the full clinical beneficiary amplitude. Error intervals and
bars indicate 95% confidence intervals.

To investigate the attenuating effect of gait on high beta band oscillations, we evaluated the high
beta frequency range between 20 and 30Hz between stimulation conditions in terms of
percentage change (see Figure 2 B). There was a statistically significant difference in the gait-
related high beta band attenuation between stimulation conditions as determined by one-way
ANOVA (F (2,57) = 21.1 , p < .00004). Comparing the effect between all three stimulation
conditions using a Wilcoxon signed rank test, a slight reduction from no stimulation (mean = -
39.2% £ 5.9%) to half-amplitude stimulation (mean = -24.8% + 5.2%; p = 0.05) of ~14% and a
strong significant difference between no stimulation and full stimulation (mean = -7.5% + 4%) of
~32% (p = 0.005) and half stimulation and full stimulation of 17% (p= 0.02) can be observed
(see Figure 2).
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Time-Frequency power modulation during gait — origin of signal

The group average lateralized modulation pattern (Figure 4) is a result of individual time-

frequency modulations (Supplementary Figure 4). Note that signal modulations in both leads in

the example subjects actually happen at the same time, regardless of laterality.
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Figure 3. A-L. Modulations of left and right subthalamic time-frequency power in two paradigmatic single subjects

during gait cycle recorded with Activa PC + S. A & B, G & H: Time-frequency analysis showing average gait cycle
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locked modulation in relation to average baseline during gait across time for the right STN time-locked to epochs
beginning with left (contralateral averaging) and right leg (ipsilateral averaging) movement. C & D, | & J showing the
same for the left STNs averaged to epochs beginning with the left leg (ipsilateral averaging) and right leg
(contralateral averaging). A & C and B & D as well as G & | and H & J represent averages using the same epochs,
while A& B, C & D, G & Hand | & J are on step off in time. Note that signal modulations happen at the same time,
regardless of laterality. E & F and K & L are showing the average shank rotational velocity of both legs across epochs
of the gait cycle used for averaging in the two time-frequency plots right above these plots.

When comparing activity in the left STN averaged to the gait-cycle beginning with the right leg to
activity in the right STN locked to the same epochs (e.g. Supplementary Figure 3/4 B & D, H &
J), it is apparent that both STN do show amplitude increases across frequencies at the same
time. The laterality modulation pattern visible in the group average (Figure 4) is arguably driven
by differences in the modulation strength across left and right STNs in individual subjects, as
evidenced by stronger modulations in both the right STN in both example subjects, resulting in
an average lateralized modulation pattern. While some subjects show modulations in one or
both leads, others show gait-cycle locked signal modulations in none of the leads, together
driving the lateralized group average. We found that 7 out of 20 leads recorded with Activa
PC+S did show such a paradigmatic modulation pattern. To compare the signal modulations
recorded with internal and externalized sensing equipment, we also present results from two
subjects recorded with externalized leads after surgery (Supplementary Figure 3). Signal
increases with both recording setups appear at the same time during the gait cycle and are
similar in frequency content (Supplementary Figure 3 and 4). Comparing signal modulations
within one subject recorded with both setups we describe that although signal modulations
appear at the same time, they are similar but not completely matching in frequency content and
are arguably greater in terms of the size of the change with externalized sensing equipment
(Supplementary Figure 3 A — F and Supplementary Figure 4 A — F). We find a similar pattern in
the majority of externalized recordings during gait including previously published recordings

((Singh et al., 2013); results not reported).
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Figure 4. A-F. Modulations of left and right subthalamic time-frequency power in two single subjects during gait cycle
recorded with externalized leads. A & B, G & H: Time-frequency analysis showing average gait cycle locked
modulation in relation to average baseline during gait across time for the right STN time-locked to epochs beginning

with left (contralateral averaging) and right leg (ipsilateral averaging) movement. C & D, | & J showing the same for
the left STNs averaged to epochs beginning with the left leg (ipsilateral averaging) and right leg (contralateral
averaging). A& Cand B & D as well as G & | and H & J represent averages using the same epochs, while A & B, C &
D, G & Hand | & J are on step off in time. Note that signal modulations happen at the same time, regardless of

laterality. E & F and K & L are showing the average shank rotational velocity of both legs across epochs of the gait

cycle used for averaging in the two time-frequency plots right above these plots. A-F represents the same subject

shown in A — F in Figure 3.
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Supplementary Discussion
Kinematic parameters during slow and normal walking with and without stimulation

We report that DBS improves stride length and increases gait velocity, although the latter finding
did not reach significance in our small group. We add that foot clearing is improved by DBS.
Generally, PD patients show significantly slower gait velocity, with smaller stride lengths and
less foot clearance as compared to healthy controls (Hausdorff, 2009; Morris et al., 1994b).
Overall, DBS improves balance control and gait parameters such as stride length and gait
velocity (Collomb-Clerc and Welter, 2015). Roper and colleagues report that DBS improves gait
velocity, regardless of whether the patients were tested in the on or off medication state (Roper
et al., 2016).

DBS suppresses beta oscillations and gait related high beta band suppression is absent

during stimulation

By comparing rest and gait recordings under different stimulation settings, we want to assess the
effect of stimulation on oscillatory activity in the STN and if the gait related attenuation of high

beta band activity is preserved during stimulation.

It has been demonstrated with recordings from externalized leads as well as with implanted
sensing neurostimulators, that high frequency STN DBS attenuates STN beta frequency power
in a voltage-dependent manner (Kihn et al., 2008; Neumann et al.,, 2016) with a concurrent
improvement of motor impairment. Here we confirm the finding that beta oscillations are reduced
during stimulation and show that it is possible to detect gait related activity even during
stimulation, provided the intensity of the stimulation hasn’t reached its full therapeutic amplitude.

With full amplitude, however, there seems to be no attenuation of beta frequency.

Our findings do speak indirectly for the hypothesis that diminishing beta band synchrony by
means of DBS high frequency stimulation improves Parkinsonian symptoms. All of our patients
did profit from DBS therapy indexed by significant improvement of UPDRS-IIl scores with
stimulation and showed improved gait parameters. It can be argued, that during stimulation, the
need to suppress pathological beta oscillations might be gone, as they are diminished by
stimulation. However, it could also be that the noise level of the signals that are recorded during
stimulation due to stimulation artifacts, signal saturation and other technical issues challenge the

assessment of physiological effects.
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Time-Frequency power modulation during gait — origin of signal

In our analysis, the average modulation pattern visible in the group average is most likely a
result of individual time-frequency modulations caused by movement induced artifacts. We
describe that signal increases actually happen at the same time in the gait cycle and are visible
in left and right STN at the same exact time (Supplementary Figure 3 & 4) with internal as well
as with external recording equipment. We argue that the exact pattern of movement related
signal alterations in time in the raw recordings due to upper body movement — which is arguably
coordinated in time to the gait cycle (Romkes and Bracht-Schweizer, 2017), lead jitters, slow or
sudden cable movements or tribo-electric effects influence the raw signal shape and resulting
time-frequency decomposition. Depending on the exact shape of the artifacts in time, low
frequency as well as frequency spanning and high frequency power can be induced (Smith,
2002).
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ABSTRACT
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Inhibitory control is an important executive function that is necessary to suppress premature actions and to block
interference from irrelevant stimuli. Current experimental studies and models highlight proactive and reactive
mechanisms and claim several cortical and subcortical structures to be involved in response inhibition. However,
the involved structures, network mechanisms and the behavioral relevance of the underlying neural activity
remain debated. We report cortical EEG and invasive subthalamic local field potential recordings from a fully
implanted sensing neurostimulator in Parkinson's patients during a stimulus- and response conflict task with and
without deep brain stimulation (DBS). DBS made reaction times faster overall while leaving the effects of conflict
intact: this lack of any effect on conflict may have been inherent to our task encouraging a high level of proactive
inhibition. Drift diffusion modelling hints that DBS influences decision thresholds and drift rates are modulated by
stimulus conflict. Both cortical EEG and subthalamic (STN) LFP oscillations reflected reaction times (RT). With
these results, we provide a different interpretation of previously conflict-related oscillations in the STN and
suggest that the STN implements a general task-specific decision threshold. The timecourse and topography of
subthalamic-cortical oscillatory connectivity suggest the involvement of motor, frontal midline and posterior
regions in a larger network with complementary functionality, oscillatory mechanisms and structures. While beta
oscillations are functionally associated with motor cortical-subthalamic connectivity, low frequency oscillations
reveal a subthalamic-frontal-posterior network. With our results, we suggest that proactive as well as reactive
mechanisms and structures are involved in implementing a task-related dynamic inhibitory signal. We propose
that motor and executive control networks with complementary oscillatory mechanisms are tonically active, react
to stimuli and release inhibition at the response when uncertainty is resolved and return to their default state
afterwards.

Introduction

al., 2004; Cohen and Ridderinkhof, 2013; Liston et al., 2006; Zavala et
al., 2016) and subcortical structures, especially the basal ganglia, in

Inhibitory control is a vital executive function that is needed to sup-
press premature actions and to block interference from irrelevant stimuli.
Inhibitory control is impaired in a number of neuropsychiatric and
neurological disorders and is associated with disrupted neural activity in
the cortico-striatal circuitry (Antonelli et al., 2011; Lipszyc and Schachar,
2010; Richardson, 2008; Zamboni et al., 2008). Computational models as
well as experimental studies in humans and primates highlight several
cortical regions, particularly frontal and parietal cortices (Botvinick et

inhibitory control (Aron et al., 2007; Benis et al., 2014; Cavanagh et al.,
2011; Frank, 2006; Zaghloul et al., 2012). Optimal action selection in
conflict situations with competing or uncertain stimulus and response
relations is proposed to rely on an intact hyperdirect pathway and STN
(for an overview of cortico-basal ganglia-thalamo-cortical pathways and
structures, see (Jahanshahi et al, 2015)). By inhibiting the
pallidial-thalamic-cortical loop, the STN is thought to suspend responses
until sufficient information has been integrated and uncertainty is
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resolved (Bogacz and Gurney, 2007; Frank et al.,, 2007; Herz et al.,
2017).

Electrophysiological recordings during inhibitory processes have
demonstrated conflict and inhibition related oscillatory activity and
connectivity within cortical and subcortical networks involved in reac-
tive as well as proactive inhibition (Benis et al., 2014; Martinez-Selva et
al., 2006; Zavala et al., 2015a, 2015b, 2014). Increases in cortical and
subthalamic low frequency oscillations including delta and theta fre-
quencies (2-8 Hz) and decreases in alpha/beta frequency (10-30 Hz)
power have been shown to be involved in inhibitory processes and are
reported to be correlated with conflict (Bastin et al., 2014; Boulinguez et
al., 2009; Cavanagh and Frank, 2014; Kiihn et al., 2004; Leventhal et al.,
2012; Swann et al., 2012). Coherent low frequency activity has been
shown between frontal midline structures and the STN (Herz et al.,
2017) and beta oscillatory coupling is reported to be most prominent
between STN and motor cortical structures (Accolla et al., 2016).

There are two major theoretical mechanisms discussed for response
inhibition: proactive and reactive inhibitory control (Martinez-Selva et
al., 2006). In the reactive model established by Frank et al. (Frank, 2006),
response inhibition is implemented as response selection processes
evolve. The global inhibitory signal is described as reactive in nature and
is triggered by the stimulus conflict (Aron et al., 2007). In contrast, the
“proactive inhibition” theory assumes that inhibition is the default mode
of an executive control network responsible for basic preparatory pro-
cesses, which prevents automatic responses to irrelevant signals by
maintaining tonic inhibition over response processes until uncertainty is
resolved (Jaffard et al., 2008).

Both theories assume a global modulatory signal suppressing all re-
sponses, rather than modulating the execution of any particular response
and postulate attenuation of thalamocortical activity, with different
cortical structures involved. The reactive model claims specific changes
in primary motor cortex (PMC), pre-supplementary motor area (pre-
SMA), the anterior cingulate cortex (ACC), and the inferior frontal gyrus
(IFG) (Frank, 2006). The “proactive inhibition” hypothesis is linked to
possible activation changes in medial prefrontal cortex (mPFC), Pre-
cuneus, posterior cingulate cortex (PCC), and inferior parietal cortex
(IPC) (Ballanger et al., 2009; Boulinguez et al., 2009; Jaffard et al.,
2008). Hence, while both models claim frontal structures to be involved,
only the proactive model invokes posterior structures, which have been
shown to be important for movement initiation and planning (Mattingley
et al., 1998; Scherberger et al., 2005).

To elucidate the functional role of the STN in cognitive control, we
collected subthalamic local field potentials (LFP) from a fully implanted
sensing neurostimulator and parallel EEG recordings in patients with
Parkinson's disease (PD) during a modified version of an Eriksen Flanker
task inducing different levels of conflict (Van Veen and Carter, 2005). We
measured whether the STN oscillatory signal reflects reaction times and
stimulus conflict, whether STN DBS influences conflict processing, and
explored the timecourse and topography of oscillatory connectivity be-
tween cortex and STN. Electrophysiological results are presented only for
recordings without DBS.

Material and methods
Patients, surgery, electrode localization and recordings

Six participants with a mean age of 66 years (SEM =+ 1.5), including 5
male and one female patient with Parkinson's disease (PD) took part in
this study and gave their written informed consent. The protocol was
approved by the ethics committee of the medical faculty of the Ludwig
Maximilian University of Munich. Clinical details of all participants are
provided in Table 1. All patients underwent implantation of DBS leads
(model 3389; Medtronic Neurological Division, MN, USA) with 4 ring
electrodes in the left and right STN for the treatment of advanced
Parkinsonism at the Department of Neurosurgery at the hospital of the
LMU Munich. Initial stereotactic coordinates were 12 mm lateral, 3 mm
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Table 1
Clinical details. Six patients with Parkinson's disease (1 female, mean age 66.1 £ 1.5 years;
disease duration 10.5 + 1.4 years) were studied 1 month-1 year after DBS surgery.

Case Age Gender Disease Main UPDRS-III ON/
duration symptoms OFF
1 54 f 9 Equivalent 10/27
2 71 m 12 Equivalent 22/38
3 53 m 12 Equivalent 4/27
4 70 m 8 Akinetic-rigid 23/40
5 55 m Equivalent 15/33
6 57 m 10 Akinetic-rigid 30/53

*Evaluation was performed OFF medication after overnight withdrawal from dopaminergic
medication in random order (ON/OFF Stimulation).

posterior and 4 mm below the midpoint of the AC-PC line. Coordinates
were adjusted by direct visualization of the STN on individual pre-
operative T2-weighted MRI scans. Intraoperative single cell recordings
and macrostimulation guided the final placement of the electrode leads.
The exact position of the DBS electrodes in relation to the subthalamic
target structures were determined based on the preoperative T2-
weighted MRI and postoperative CT scans, using the Lead DBS toolbox
(Horn and Kiihn, 2015) and 3DSlicer software (www.slicer.org). MRT
and CT were aligned manually using 3DSlicer software, co-registered
using a two-stage linear registration (rigid followed by affine) as imple-
mented in Advanced Normlization Tools (Avants et al., 2008) and
normalized to MNI space (MNI ICBM Nonlinear 2009b template, (Fonov
et al., 2011). To visualize the STN, we used an atlas to outline the STN
and its putative subdivisions, the motor, the associative and the limbic
area (Accolla et al., 2014). This allowed us to confirm stimulation and
recording sites of all patients (Fig. 2 A). All but one stimulation contacts
were considered to be placed within the motor STN (with distances be-
tween each contact center and nearest atlas voxel center below 0.5 mm).
One came close with 0.6 mm and overall, a mean distance of 0.15 mm
(SEM = 0.05) between each stimulation contact center and nearest atlas
voxel center in the motor STN was found. In all patients, the leads were
connected to the implanted sensing neurostimulator (Activa PC + S,
Medtronic) to record LFP bipolarly from the electrode contact above and
below the single negative stimulation contact, colored in light red in Fig.
2 A. All LFP data were sampled at 422 Hz. Scalp EEG data were recorded
with a 64-electrode active cap (actiCAP) with active shielding and
amplified (BrainAmp DC amplifiers) using the BrainVision Recorder
software (Brain Products, Munich, Germany). Two additional electrodes
were placed on the superior orbit and on the outer canthus of the right
eye to detect vertical and horizontal eye movements. EEG was referenced
to the FCz electrode, grounded at AFz and sampled at 1000 Hz. Imped-
ances were kept below 5 kQ. The data was resampled to 422 Hz to match
the sampling frequency of the implanted sensing neurostimulator and
re-referenced to the average across all electrodes. Data traces from the
sensing neurostimulator and scalp EEG recordings were synchronized
using a transcutaneous electric nerve stimulator, delivering single pulses
emitted via two electrodes at the scalp, producing a marked jump in the
LFP and EEG signal. Experiments were recorded following overnight
withdrawal of dopaminergic medication. Participants completed the
decision-making task with and without DBS. Stimulation amplitudes
were chosen according to the best clinical outcome (mean constant
voltage: 2.71 + 0.15mV), stimulation frequency was 140 Hz and pulse
duration was 60 ps for all recordings. The experiments were performed at
least 2 months after initial programming on the same or on consecutive
days within the first year after implantation.

Task design

Participants were seated comfortable in a dimly lit, experimental
room 60 cm in front of a 21-inch TFT computer screen. The Python-based
toolbox Psychopy (Peirce, 2007) was used for instructions and presen-
tation of visual stimuli and for recording reaction times (RT). Participants
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Fixation Cross Distractor Warning Cue Target & Flanker Blank Screen
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Fig. 1. Schematic illustration of a trial. Participants had to respond to the central target letter within an array of seven letters.

had to complete a letter variant of the Eriksen Flanker decision making
task that provokes conflict dissociably at the perceptual and at the
response selection level (Van Veen and Carter, 2005). Participants were
asked to maintain fixation throughout the experiment and to respond as
fast and as accurately as possible. Each trial began with a black screen
containing a fixation cross for 4 s, followed by a display with 7 identical
letters (either all “A™, “E”, “H” or “N™), which were presented for 100 ms,
serving as initial distracters to introduce conflict. This array was followed
by a brief warning cue, presented for 50 ms, in which 3 of the letters were
replaced by a hash to signal the upcoming target presentation. Then the
target and additional flankers were presented (150 ms) at the previously
hashed locations and the subject had to decide if the central target
stimulus was a vowel (“A” or “E”) or a consonant (“H” or “N"") and answer
with the left or right index finger respectively by manual button press
using “D” and “K” on a modified keyboard containing only task relevant
keys (see Fig. 1).

The central target letter, was either congruent (SC) with the dis-
tracters (i.e. “AAA A AAA” followed by “AAA A AAA™), stimulus incon-
gruent (SI) but requiring the same response (i.e. “AAA A AAA” followed
by “AAA E AAA”) or response incongruent (RD) (i.e. “AAA A AAA” fol-
lowed by “AAA H AAA™). After offset, the display stayed blank until
1000 ms after the response and then, the next trial started. In congruent
trials distractors, flanker and target were the same inducing no conflict.
In SI trials, distractors, flanker and target letters were different but linked
to the same response alternative, supposedly resulting in conflict at the
perceptual processing level. In RI trials, target, distractors and flankers
were additionally associated with different response alternatives, pro-
voking conflicts at the perceptual and the response level (Van Veen and
Carter, 2005). Blocks consisted of 84 trials divided into equal numbers of
SC, SI, and RI trials and trial order was randomized. All but one partic-
ipant completed 7 blocks with and without deep brain stimulation while
one participant completed 7 blocks without and 6 with DBS yielding on
average ~580 trials per DBS condition. Blocks with and without DBS

were randomized in order and the starting block was randomized across
subjects. Completion of one block took on average 7 min yielding an
average time on the task of 97 min. The time between blocks (approxi-
mately 10 min) was used for changing stimulation and then downloading
data from the internal pulse generator. Subjects were familiarized with
the task before the main experiment by completing a test block and were
only allowed to proceed if they clearly understood the task.

Analysis

EEG and LFP recordings were analyzed in Matlab (The Mathworks,
Lowell, MA, USA) using custom written scripts and functions included in
the Fieldtrip (Oostenveld et al., 2011) and EEGLab (Delorme and Makeig,
2004) toolboxes. At first, we inspected all raw data visually to identify
and manually remove non-stereotypical noise. LFP data were then
cleaned by setting a subject- and STN- specific voltage threshold to reject
all trials exceeding that threshold. Next, for the EEG data, we rejected all
channels exhibiting excessive artifacts, defined as any channels with
kurtosis more than 5 SDs from the mean kurtosis across all channels. The
EEG data were then high-pass filtered (cutoff 0.5Hz, order 4) and
decomposed into temporally maximally independent source processes
using adaptive mixture independent component analysis (AMICA)
(Delorme et al., 2012; Palmer et al., 2006). We then subtracted all
components resembling eye-movements and non-brain sources from the
data, based on ERPs, scalp topographies and single-equivalent current
dipole modelling of the ICs (Oostenveld and Oostendorp, 2002).

EEG and LFP power

Event-related spectral power (ERSP) was computed using EEGLab
((Delorme and Makeig, 2004); newtimef function). Stimulus-locked as
well as response-locked epochs from —6000 to 6000 ms were decom-
posed using Morlet wavelets, to avoid edge effects. For further analysis,
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Fig. 2. Imaging and behavioral results. Stimulation and conflict affected RTs and did not interact. A. Electrode localizations. Posterior dorsal view of DBS-electrode localizations in left and
right STN. The motor region of the STN is depicted in dark red, the associative subregion in light blue and limbic subregion in yellow. The contact used for stimulation is colored in light red
(see text for details). B. DBS sped RTs. D. RTs were modulated by conflict both without (left) and with DBS (right). Error bars indicating SEM. Black solid lines indicate significance. C and E.
Probability density functions (PDF) of RTs for SC, SI and Rl trials in the OFF and ON stimulation state showing similar differences between conditions with and without stimulation.
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we focused on the time period from just before stimulus onset until after
the response. The number of cycles for Morlet wavelets was appropriately
selected for the frequency being analyzed (3 cycles at 1Hz to 10 cycles at
60 Hz). We decomposed the signal in the frequency range from 1 to 60 Hz
with a frequency resolution of 1Hz. ERSP is a measure of induced
changes in power at a given time—frequency point, and as the ERSP is
sensitive to signal amplitude (which is known to differ between subjects),
an individual baseline correction [-3000 ms to —1000ms before stimulus
onset] was applied to the data and the difference was log scaled resulting
in decibel units (dB). For each subject, we then computed the mean ERSP
time-course across trials for the 3 different conflict conditions and for
trials with slow and fast reaction times using an individual median split.
We further focused on the average activity across two ranges, within each
of which previous studies have shown homogenous task-related modu-
lations: combined delta/theta synchronization (low frequency oscilla-
tions, LFO) (2-6Hz), and combined alpha/beta desynchronization
(10-30Hz) (Herz et al., 2017; Zavala et al., 2017).

To visualize the variability of stimulus and response-related oscilla-
tory activity in the LFP, we computed a spectrographic image showing
trial dynamics of the power timecourse relative to baseline for both
chosen frequency bands. ((Delorme and Makeig, 2004); timefreq and
erpimage function). The single trial power time-courses were averaged
across left and right STN for each subject, as we found no indication of
lateralized activity and expressed as % change relative to the baseline
(see above). All trials from each subject were then pooled, sorted in order
of increasing reaction time or grouped into the three different conflict
conditions, and were then smoothed with a 200-trial moving average, to
attenuate interindividual differences in event-related modulations. This
was done for visualization only (Figs. 4 and 5, A, D), for statistical
evaluation, see below.

Connectivity: inter-site phase clustering and amplitude correlations

Inter-site phase time frequency clustering as well as amplitude-
amplitude correlations were computed between the STN and all EEG
electrodes (Cohen and Gulbinaite, 2014; Delorme and Makeig, 2004);
newcrossf function, window size 1 s, otherwise same parameters as ERSP
analysis). For phase connectivity analysis, we focused on the LFO as no
other frequencies showed pronounced inter-site phase clustering.
Inter-site phase coherence reflects the consistency of phase values be-
tween two recording sites over time and across trials. Inter-site phase
clustering is independent of amplitude changes and a value of 0 repre-
sents the absence of EEG phase synchronization across trials between
sites and a value of 1 indicates their perfect synchronization (Delorme
and Makeig, 2004). For amplitude-amplitude correlations, we computed
Pearson's correlation coefficients (R) (Arnulfo et al., 2015) between both
STNs and each EEG electrode for the amplitude in the alpha/beta
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frequency range over trials and across time. The correlation coefficient
ranges from —1 to 1, with 0 indexing absence of correlation to 1 for
perfect linear relationship and —1 for perfect anticorrelation. Both
measures were computed separately for each subject for trials with fast
and slow reaction times as well as the three different conflict conditions.
Topographic representations for phase and amplitude connectivity were
computed for three windows with a width of 500 ms and represent the
average connectivity between both STN nuclei and each cortical elec-
trode across subjects. Window center were chosen at 1000 ms before
stimulus presentation, at the peak/through of the average power mod-
ulation and 1000 ms after response.

Statistical assessment of group differences

We excluded all error trials as well as trials with very fast (<0.25s)
and very slow (>1.55) RTs from further analysis. Overall, we included
3500 trials, on average 580 trials per subject and stimulation condition.
To model and visualize the distribution of reaction times across subjects,
we used an equal number (first 450 included trials) of trials from each
subject and each condition to compute a probability distribution (Matlab
function pdf). For group level statistical assessment of reaction time data,
we used the individual mean RT from each conflict condition. As group
level behavioral and neural data were not normally distributed (Kol-
mogorov Smirnov test, Matlab function kstest), we compared RTs from
conflict and stimulation conditions from every subject using the non-
parametric Friedman test of differences among repeated measures and
conducted post Wilcoxon's signed rank tests (sample size 6) to confirm
results. For assessing the impact on DBS on conflict processing, we
compared the RT differences between conflict conditions with stimula-
tion OFF and ON. For each subject, we computed the mean difference
between SC and SI (“stimulus conflict”) and SI and RI trials (“response
conflict™) in both stimulation conditions and compared these differences
on a group level using Wilcoxon signed rank tests (Table 2). Although our
data was found to be non-normally distributed with the Kolmogorov
Smirnov test, Lilliefors test (matlab function lillietest) did not yield a
significant violation of the normal distribution hypothesis for the RT
data. Therefore, we also evaluated reaction times using a two-way
repeated measures ANOVA with within subject factors: conflict (SC, SI,
RI) and DBS (ON/OFF) (Scherberger et al., 2005). To statistically assess
differences in RT between RT subgroups (median split), we used the
individual mean RT from each subgroup for group level analysis.

To assess differences in spectral power and connectivity measures
between different conflict conditions and reaction time bins across par-
ticipants for statistical significance, we used the subject averages of the
different measures in the two frequency intervals across time. To
compare differences on the group level, for the ERSP analysis, we used
the mean ERSP time-course in dB from the different conditions from each
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Fig. 3. A, B, C. Average STN LFP across left and right STN, frontal (Fz) and central (C3/C4) EEG ERSP (dB units) without stimulation locked to the target onset. Both subthalamic and

cortical recordings show a delta/theta increase (red) and an alpha/beta decrease (blue).
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Fig. 4. Target and response-locked spectrographic images and average LFO power time-course A. and D. Spectrographic images for all trials averaged across all subthalamic nuclei (STN)
and sorted by reaction times for LFO frequency range. A clear stimulus locked onset pattern is visible, while the duration of the LFO increase reflects reaction times. The vertical black line
represents target stimulus presentation (A) and response execution (D) respectively. The dotted lines represent mean RT of fast and slow trial subgroups. The curved black line represents
response execution in the stimulus-locked trials and stimulus presentation in the response-locked representations. B. and E. Stimulus- and response-locked average LFO time-course for slow

and fast RTs and for all three different conflict scenarios (C. & F.). Shaded areas indicate SEM. Horizontal black solid lines represent significant timeperiods.
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Fig. 5. Stimulus & Response locked spectrographic images and average alpha/beta power time-course A. and D. Spectrographic images for all trials averaged across all subthalamic nuclei
(STN) and sorted by reaction times for beta frequency range. A stimulus locked onset pattern is visible, while the duration of the beta decrease and the latency of the following rebound
reflect reaction times. B. and E. Stimulus- and response-locked average beta time-course for slow and fast RTs and for all three different conflict scenarios (C. & F.).
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Table 2
Mean, SEM and p-values of Wilcoxon signed rank test for all comparisons of behavioral
reaction times.

Neurolmage 171 (2018) 222-233

Table 3
Mean, SEM and p-values of Wilcoxon signed rank test for all comparisons of electrophys-
iological data.

Reaction times in MEAN (SEM) 1st MEAN (SEM) 2nd p-value
miliseconds data data

ms
SC vs SI OFF Stim 722 (50) 760 (56) .04*
SI vs RI OFF Stim 760 (56) 810 (42) .01*
SC vs SI ON Stim 600 (48) 646 (40) 04"
SI vs RI ON Stim 646 (40) 691 (39) 01%*
OFF vs ON Stim 764 (47) 646 (42) 01%*
slow vs fast (median split) 643 (25) 922 (44) 0001%#*
OFF(SC-SI) vs ON (SC-8I)  —38 (16) 47 (19) .54
OFF(SI-RI) vs ON (SI-RI) =50 (10) —45 (8) 1

*** . indicate significance at p < .05, .01, .001, .0001, .00001 respectively. Sample size
for all tests: 6.

subject and STN yielding a sample size of 12.

For the connectivity measures we used the time-course of the inter-
site-phase-clustering (ISPC) and amplitude-amplitude Pearson correla-
tion coefficient (R) from each subject and between both STNs and
selected recording sites. For the analysis of the inter-site-phase-
clustering, we used left STN-Fz and right STN-Fz inter-site-phase-clus-
tering timecourses from each subject and condition for statistical evalu-
ation, yielding a sample size of 12. For amplitude-amplitude correlation
analysis we used left STN- C3 and right STN-C4 correlation coefficient
timecourses from each subject and condition for visualization and sta-
tistical evaluation, yielding a sample size of 12.

We then compared conditions pairwise using the values computed
separately for the different conditions across participants for each time-
point, comparing trials with slow against trials with fast reaction times to
investigate the influence of RTs on the electrophysiological measures.
Moreover we contrasted SC with SI trials and SI trials with RI trials, to
investigate perceptual and response conflict respectively (Van Veen and
Carter, 2005). To find timeperiods of statistical differences between
conditions, for each timepoint and for each comparison we computed a
Wilcoxon's signed rank, as data could not be assumed to be normally
distributed for several timepoints and frames we tested (Kolmogorov
Smirnov test). We corrected the resulting p-values with False Discovery
Rate (FDR) correction for multiple comparisons (Benjamini and Yeku-
tieli, 2005; Groppe et al., 2011) and used a significance level of p < .05.
We then applied a cluster correction approach and used only timeperiods
with at least 40 ms consecutive significant timepoints for further evalu-
ation (Maris et al., 2007; Maris and Oostenveld, 2007), as the average
difference in RT between conflict conditions was about 45 ms. To report
and confirm significance and descriptive parameters, we entered the
average values for each subject and time-period into a post-hoc Wilcox-
on's signed rank test and corrected the p-values with Bonferonni
correction for multiple timewindows. We report results for the so
determined timewindows including mean and standard error of mea-
surement (+=SEM) and the p-value of the Wilcoxon signed rank tests
(Table 3). Timeperiods of potential interest that did not survive initial
correction approaches were also used for later evaluation and a clearly
marked in Table 3. We increased sample size by taking into account each
nucleus for statistical analysis. This has been a common approach in the
field when dealing with small sample sizes (Ray et al., 2008; Zavala et
al., 2017). We complemented our initial approach by taking the average
across left and right STN for each subject, timewindow and condition to
confirm results, yielding a sample size of 6 for the ERSP analysis.

Results
Behavioral task

Overall, DBS sped up RTs (32(2) =8, p < .01). Error rates were not
affected by stimulation and were low (1.5% without and 1.6% with
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Conditions:  Timeframe MEAN MEAN (SEM) p-value
(SEM) 2nd data
1st data
STN LFO Power (dB)
dB
SC vs SI 300-500 AT 1.26 1.43 (0.31) 07" (.15)
(0.30)
SC vs RI 300-500 AT 1.26 1.54 (0.34) 1312 (21)
(0.30)
SI vs RI 300-500 AT 1.54 1.43 (0.31) 17'2(31)
(0.34)
slow vs fast ~ 150-350 AT 1.39 1.60 (0.38) 15" (.20)
(0.32)
slow vs fast 900-1800 AT 0.29 —0.02 (0.18) A001** (L017%)
(0.14)
SC vs SI 600-300 BR 0.96 1.08 (0.21) 17" (.21)
(0.18)
SC vs RI 600-300 BR 0.96 1.03 (0.20) 39',2(.55)
(0.18)
SI vs RI 600-300 BR 1.08 1.03 (0.20) .661,2 (.73)
(0.21)
slow vs fast ~ 1200-700 BR ~ 0.43 0.11 (0.06) 0001%** (,02%)
(0.06)
slow vs fast 350-50 BR 0.41 1.05 (0.19) .0001*** (.02*)
(0.14)
STN Alpha & Beta Power (dB)
dB
slow vs fast ~ 650-850 AT -1.98 —1.75 (0.48) 052" (.06)
(0.52)
slow vs fast 1200-1800 0.09 —0.57 (0.34) .00003%**
AT (0.33) (.003**)
slow vs fast  2600-3400 0.18 0.45 (0.13) 01** (.06)
AT (0.08)
slow vs fast ~ 700-300 BR —0.34 (0 —0.92 (0.30) 00001 **#**
.19) (.0005™***)
STN - Fz LFO Inter-site phase coherence (ISPC)
ISPC
5C vs 81 300-600 ms 0.17 0.20 (0.03) 055',?
AT (0.02)
SC vs RI 300-600 ms 0.17 0.20 (0.03) 052!
AT (0.02)
SI vs RI 300-600 ms 0.20 0.20 (0.03) 7372
AT (0.03)
slow vs fast 900-1150 ms 0.06 0.11 (0.01) .009**
AT (0.01)
SCvs SI 650-400 BR 0.19 0.20 (0.03) 5212
(0.02)
SC vs RI 650-400 BR 0.19 0.24 (0.03) .0521,
(0.02)
SIvs RI 650-400BR  0.20 0.24 (0.03) 055',2
(0.03)
slow vs fast 1100-900 ms 0.07 0.11 (0.02) .02*
BR (0.01)
slow vs fast ~ 250-50msBR  0.20 0.13 (0.01) 02
(0.03)
STN - C3 & C4 Alpha/Beta Amplitude Correlation (R)
R
slow vs fast ~ 980-1120 AT 0.09 0.07 (0.01) A01%*
(0.01)
slow vs fast ~ 500-250 BR 0.11 0.08 (0.01) 01
(0.01)

1 did not survive FDR correction; 2 did not survive cluster correction; Sample size for tests
with p-values not in brackets: 12; Sample size for all tests with p-values in brackets: 6.

stimulation). RTs were robustly modulated by conflict both without DBS
(#2(2) =10.75, p < .01) and with DBS (32(2) = 10.75, p < .01, Fig. 2).
RTs increased with increasing conflict (Table 2). Stimulation did not
affect conflict-related RT differences (Table 2). A two-way repeated
measures ANOVA with factors conflict (SC, SI, RI) and DBS (ON/OFF) on
RT data confirmed these findings. We found significant main effects of
conflict (F(1, 36) =15.2, p=.0003), DBS (F(1, 36) =57.5, p=.0001)
but no significant interaction between conflict and DBS (F(1, 36) =0.5,
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p=.62). Effects were consistent across participants (Inline Supplemen-
tary Fig. S2). We have performed Drift Diffusion Modelling to formally
investigate decision making parameters such as the drift rate and deci-
sion threshold in our task (see Supplementary Methods). In our winning
model (Inline Supplementary Fig. S1), we see a main effect of conflict on
the drift rate, with higher drift rates for lower levels of conflict and a
main effect of DBS on decision thresholds, with lower thresholds during
DBS, confirming results from the literature (Cavanagh et al., 2011; Kry-
potos et al., 2015; Pote et al., 2016).

Task induced LFP and EEG power changes

The time-frequency composition of the subthalamic LFP and EEG
recordings during our decision making task replicated the classical
modulation pattern, where target onset is followed by an increase in LFO
(2-6Hz) power, decreases in alpha/beta power, and a rebound. The la-
tency, duration and exact frequency range of the induced activation/
deactivation is slightly different between subthalamic and scalp elec-
trodes but resemble a common pattern (Fig. 3).

Onset of modulation of oscillatory activity reflects stimulus presentation,
duration reflects reaction time

The spectrographic images (Fig. 4) show a tight link between the
amplitudes and the time-course of single trial ERSPs and RTs. The
oscillatory amplitude on individual trials is shown as color-coded hori-
zontal lines, sorted by RT. The target and response locked images sorted
by RT (across all trials from all subjects) suggest that the onset of the LFO
increase (Fig. 4) as well as the combined alpha/beta decrease (Fig. 5) is
induced by target presentation and lasts until shortly after the response.

The spectrographic images show that the duration of the increase of
the LFO amplitude as well as the duration of the decrease of the alpha/
beta band amplitude and the onset of the beta band rebound reflect re-
action times (Figs. 4 and 5). Only RT but not conflict-sorted spectro-
graphic images showed a distinct pattern. For further evaluation of the
effect of conflict and reaction time on the oscillatory changes we
compared the temporal evolution of LFO and alpha/beta band power for
all three conflict scenarios and for slow and fast reaction times
separately.

Trials with slow RTs were associated with a significant longer in-
crease in post-stimulus LFO power (Fig. 4) than trials with fast RTs. For
the stimulus-locked LFO analysis, one time-window survived FDR and
cluster correction. There was a main effect of RT for the timeframe be-
tween 900ms and 1800 ms. The timewindow between 150 ms and
300 ms after target presentation survived cluster but not FDR correction
and was found not significant (Mean, SEM and p-values for all time-
frames tested and comparisons, see Table 3). For the response-locked LFO
analysis, we found 2 timewindows with a main effect of RT. The window
from 1200 ms before to 700 ms before the response showed significantly
higher amplitudes for slow trials, while the timewindow from 350 ms to
50 ms showed significant lower amplitudes for slow trials (Fig. 4 and
Table 3).

We found no significant differences for the pairwise comparison be-
tween conflict conditions. Visual assessment of time-courses might hint
at lower initial amplitude increases in SC trials compared to SI and RI
trials between 300 and 500ms after target presentation. Statistical
assessment of this timewindow did reveal no significant difference be-
tween SC and SI trials (with no other pairwise comparisons reaching
significance), but survived cluster and not FDR correction (Fig. 4, Table
3). Statistical analysis across subjects confirmed results (Table 3).

A similar pattern, although associated with a different latency,
duration and deactivation and activation profile is evident when
comparing alpha/beta oscillatory activity for slow and fast reaction times
(Fig. 5). Trials with slower reaction times showed relatively similar initial
decreases in amplitude followed by a significant longer desynchroniza-
tion period and later rebound. For the stimulus-locked analysis of alpha/
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beta power differences between slow and fast RT trials, three time-
windows survived cluster correction, but only two timewindows survived
FDR correction and were ultimately found significant. At first, from
650 ms to 850 ms after the target stimulus onset there was less of initial
amplitude decreases for slow trials, this epoch survived cluster, but not
FDR correction. Then from 1200 ms to 1800 ms this was reversed, with
significantly lower amplitudes in slow trials. From 2600 ms to 3400 ms
then there was a higher positivity for slow trials, reflecting a longer
period of deactivation followed by a later rebound. For the response-
locked analysis, we found one timewindow with a main effect of RT
between 700 ms and 300 ms before response with significantly lower
amplitudes for slow trials (Fig. 4 and Table 3).

When we analyzed the same frequency bands for differences between
different conflict conditions, we did not find any timeperiod with a sta-
tistical significant effect of condition. The timecourse and the completely
overlapping SEM intervals across the whole time period did not suggest
any timewindow of further interest (Fig. 5). Statistical analysis across
subjects confirmed results (Table 3), except for the difference between
slow and fast trials from 2600 ms to 3400 after target onset.

Subthalamic-cortical phase and amplitude connectivity reflects reaction
time

Subcortical-cortical connectivity analysis using phase and amplitude
relationships revealed differences in STN LFP and scalp EEG LFO and
alpha/beta connectivity most likely related to reaction times, partly
matching those timeframes found in the power analysis.

For LFO connectivity time-course analysis we focused on the Fz
electrode to evaluate phase locking, as frontal midline delta/theta is
known to be implicated in conflict processing (Cavanagh and Frank,
2014; Herz et al., 2017; Tollner et al., 2017). For the stimulus-locked LFO
inter-site phase clustering analysis between STN and Fz, we found one
timewindow with a significant main effect of RT. The timeframe from
900 ms to 1150 ms after the target stimulus onset showed a significantly
higher mean ISPC for slow trials, partly overlapping with the second
window we found to be significant in the amplitude analysis (Table 3,
Fig. 6). Similar to the amplitude analysis, we could not determine any
significant differences between the three conflict conditions that sur-
vived both correction methods, but the comparison between SC and RI
trials survived cluster but not FDR correction in the timewindow from
300 ms till 600 ms, but was not significant as a whole (Fig. 6, Table 3).

For the response-locked LFO connectivity analysis, two timewindows
showed a main effect of RT and survived correction. The timeframe from
1100 ms until 900 ms and the window from 250 ms to 50 ms before the
response showed significant effect of RT: in the earlier timeframe, the
ISPC of the slow trials was higher and in the second timeframe, the ISPC
of the fast trials was higher (Fig. 6, Table 3). The statistical assessment of
differences over time did not show any consistent significant differrence
for the pairwise comparison between conflict conditions. Visual assess-
ment of time-courses might hint at an effect of conflict in the timeframe
from 650 ms until 400 ms before response but these comparisons were
not statistically significant after correction (Table 3).

Mapping the scalp topography of the LFO connectivity time-course
using all trials independently of condition revealed that before any
stimulus was presented and long after the response was submitted, the
largest inter-site phase clustering was consistently visible between the
STN and frontal-central electrodes Fz and FCz. From stimulus onset until
shortly after response, induced inter-site phase clustering was most
pronounced between subthalamic recordings and these frontal-central as
well as at parietal and occipital electrodes (Fig. 6).

For statistical tests we focused on the amplitude connectivity time-
courses between STN and C3 and C4 electrodes (Herz et al., 2017).
Assessing the subthalamic-cortical alpha/beta band amplitude correla-
tions, we also found main effects of RT but not other factors. Similar to
the STN results, for slow reaction time trials, the duration of the
amplitude-amplitude correlation decreases upon stimulus presentation
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Fig. 6. STN-Cortical LFO inter-site phase clustering (ISPC) time-course A. and B. Stimulus-locked ISPC across time and topographical representation (C) at different timepoints calculated
for fast and slow reaction times and for the different conflict conditions. D. and E. Response-locked ISPC across time and topographical representation (F).

was longer than in trials with fast reaction times, with significant dif-
ferences in the timewindow from 980 ms to 1120 ms after the target
onset. A main effect of RT was also present in the response locked
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motor cortical areas around electrodes C3 and C4 during the prestimulus
and postresponse period, confirming earlier reports (Accolla et al.,
2016). There was a topographically global decrease in
cortico-subthalamic amplitude-amplitude correlation from target pre-
sentation until after response (Table 3).

Discussion

STN DBS generally decreased reaction times but did not alter conflict
related processing in our task. The STN could help implement a task-
specific dynamic decision threshold and not a stimulus conflict related
inhibitory signal. Indeed, drift diffusion modelling hints that the decision
threshold is altered by stimulation while drift rates are modulated by
stimulus conflict. Between stimulus presentation and response, the STN
LFO activity was most strongly coherent with frontal midline electrodes
(Fz/FCz), likely reflecting a tonic (not conflict-related) inhibitory signal.
Oscillations in the alpha/beta range were coherent with those in motor
cortical structures during that same period, consistent with tonic
hyperdirect pathway connectivity (Accolla et al., 2016). Behaviorally
relevant induced LFO STN-cortical coherence changes between target
and response included not only frontal but also parietal and occipital
areas, possibly reflecting a reactive mechanism. Alpha/beta oscillations
were reduced in amplitude and decorrelated globally, consistent with
functionally relevant motor processing. With these results we suggest
that a tonically active executive control and a motor network with
complementary oscillatory mechanisms and structures help implement
dynamical, task-related inhibitory signals and responses to behaviorally
important stimuli. These results extend previous findings concerning the
roles of subcortical and cortical LFO and alpha/beta oscillations and their
functional importance during responding under conflict (Cavanagh et
al., 2011; Herz et al., 2017; Zavala et al., 2013) and provide new insights
on the putative mechanisms involved in inhibitory control.

Behavioral effects of stimulation

While previous studies have shown that PD patients are faster on the
Stroop task during STN DBS, they also make more errors during stimu-
lation (Jahanshahi, 2013; Volkmann et al., 2010). We were able to
reproduce the response slowing without DBS but did not find any sig-
nificant differences between error rates between stimulation conditions,
probably because subjects made very few errors overall (1.5%). Repli-
cating the classical conflict task literature, RTs were robustly modulated
by cue/flanker-target compatibility. Previous work in patients has shown
decreases in RT under high-conflict conditions when DBS was turned on
(Frank et al., 2007), particularly when associated with high reward. In
our task, STN DBS did not seem to change conflict-related differences in
reaction times, as similar differences between conditions and probability
distribution patterns were visible regardless of stimulation. Indeed it was
striking that both types of conflict processing (perceptual and
response-related) were intact in this population of Parkinsonian patients
with and without DBS. Overall, we suggest that in our task the STN does
not implement a stimulus conflict related inhibitory signal but rather a
task-related and dynamic decision threshold that is altered during DBS.
Drift diffusion modelling hints that DBS interacts with decision thresh-
olds while drift rates seem to be related to the stimulus conflict (see
Supplementary Material and Supplementary Discussion).

Task induced LFP power changes

Oscillatory activity in low and alpha/beta frequencies reflect reaction time
Our LFO findings partly resembles the pattern of conflict-related
differences found in spiking as well as in low delta and theta frequency
LFP activity in the STN (Zavala et al., 2015b, 2013). It is difficult to
entangle conflict from reaction times, as trials with higher conflict
generally show slower reaction times (Cohen and Nigbur, 2013; Nachev
et al., 2007; Scherbaum and Dshemuchadse, 2013; Yeung et al., 2011).
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Indeed, Zavala and colleagues found no power differences between the
fast-incongruent trials and congruent trials with similar RTs (Zavala et
al., 2013). Various reports (Espenhahn et al., 2017; Gross et al., 2005;
Meirovitch et al., 2015; Pfurtscheller et al., 1996) show that cortical
beta-band desynchronization precedes motor output and that suppres-
sion of beta oscillatory activity during movement is followed by a
rebound after movement execution. It has been suggested that beta-band
de/resynchronization go hand in hand with motor processing (Chung et
al., 2017). There are also several reports (Alegre et al., 2013; Bastin et al.,
2014; Benis et al., 2014; Joundi et al., 2013; Kiihn et al., 2004; Leventhal
et al., 2012; Zavala et al., 2017) of subthalamic beta oscillations in
response inhibition during conflict. The interpretation of the functional
role of alpha and beta band activity is complicated. A few studies
compare ,,Go* and ,,No-Go* trials, which implement either the execution
or the inhibition of a response (Kiihn et al., 2004). A study by Williams et
al. (2005). did show a significant relationship between oscillatory ac-
tivity in the beta band and reaction times in the parkinsonian STN after
“Go” cues. Other studies using variations of the Stroop task have reported
interpretation problems disentangling genuine conflict effects from in-
fluences of reaction times (Zavala et al., 2015a). We here report only
main effects of RT with initially lower decreases and a significant longer
period of alpha/beta band deactivation followed by a later rebound for
trials with slower reaction times, confirming earlier reports but with a
more fine-grained description of the time-course. We argue that these
alpha/beta band dynamics reflect response preparation/execution and
the time on task.

Subthalamic-cortical phase and amplitude coherence reflects reaction time

Previous studies reported stimulus as well as response locked low
frequency connectivity between electrodes placed at frontal midline and
the STN to be correlated with conflict (Zavala et al., 2016, 2013, 2014).
Increases in EEG LFO power during cognitive motor tasks have been
mainly observed at frontal midline areas that mediate response inhibition
(Cavanagh et al., 2011; Cavanagh and Frank, 2014), for example over the
PFC and the IFG, which are connected to the STN via the hyperdirect and
indirect pathway (Alexander et al., 1986; Forstmann et al., 2010; Mon-
akow et al., 1978; Swann et al., 2012). Herz and colleagues (Herz et al.,
2017) report that STN LFO are coupled to activity at prefrontal electrode
Fz and are related to decision thresholds. Fronto-parietal dynamics then
are important for accurate motor performance (Chung et al., 2017; Cohen
and Ridderinkhof, 2013). Previous studies neglected the posterior
sensorimotor network that is involved in the initiation of motor programs
and which supports proactive inhibitory control (Booth et al., 2005;
Boulinguez et al., 2009; Jaffard et al., 2008; Lavallee et al., 2014; Menon
et al., 2001). Neglect patients with right inferior parietal lobe (IPL) le-
sions show specific difficulties in initiating leftward movements towards
visual targets on the left side of space, while this motor impairment was
not found in neglect patients with frontal lesions (Mattingley et al.,
1998), suggesting that the IPL operates as a sensorimotor interface
(Fransson and Marrelec, 2008), rather than subserving only perceptual
functions.

We show that subthalamic activity in the low frequency range is
phase-locked to activity at electrodes over frontal structures as well as
parietal and occipital electrodes. Phase-locking analysis between Fz and
STN does show significant differences between slow and fast reaction
times, while the duration of the increased connectivity takes longer for
trials with slower reaction times resembling LFO amplitude differences in
the STN for the same comparison. In the period between stimulus pre-
sentation and response, the STN LFO activity is mostly coherent with
frontal midline electrodes, while during the task connectivity includes
not only frontal midline but also right frontal, parietal and occipital
areas. In the light of the proactive and reactive mechanisms and struc-
tures discussed to be involved in inhibitory control (Martinez-Selva et
al., 2006), these observations suggest a tonically, possibly proactive
inhibitory control network with a reactive mechanism, that returns to its
default mode when uncertainty has been resolved and a response is
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executed.

Suppression of beta activity at cortical areas during movement fol-
lowed by a rebound after movement has been reported by a number of
studies, especially over motor cortical areas (Espenhahn et al., 2017;
Gross et al., 2005; Pfurtscheller et al., 1996) but also other areas, e. g
parietal cortex (Chung et al, 2017). Reports about beta frequency
modulation during cognitive motor tasks are also abundant for the sub-
thalamic nucleus (Alegre et al., 2013; Brittain et al., 2012; Kiithn et al.,
2004; Leventhal et al., 2012; Ray et al.,, 2012). Recently it has been
described that the dorsal motor area in the STN showing the highest beta
activity projected predominantly to motor and premotor cortical regions
(Accolla et al., 2016) and that STN beta activity (13-30 Hz) is coupled to
electrodes C3/C4 close to motor cortex (Herz et al., 2017). Tan and
colleagues (Tan et al., 2014) reported movement-related modulation in
STN-motor cortex inter-site-phase-clustering. We found no prominent
inter-site-phase-clustering for the alpha/beta band, possibly due to our
sampling rate of 422 Hz that does not allow for a proper estimation of the
beta phase.

We report that cortical as well as subthalamic beta oscillations are
attenuated shortly after stimulus until after the response and are followed
by a rebound and that their time-course correlates with reaction times. In
the timeperiod between the stimulus and response, the amplitude cor-
relations are most pronounced between STN and motor cortical areas,
possibly reflecting default oscillatory connectivity between these highly
connected areas. During the task, amplitudes between all cortical areas
and the STN are decorrelated, possibly reflecting motor processing.

Study limitations

This study was conducted in patients with Parkinson's disease which
are known to show aberrant oscillatory activity within and connectivity
between subcortical and cortical networks (Hammond et al., 2007). Pa-
tients were investigated after overnight withdrawal of medication, but
they were able to perform the task with low error rates. Dopamine levels
are reported to influence resting and movement related oscillatory ac-
tivity in the STN and are associated with a lack of gamma frequency
modulations and decreases of beta in the off medication state (Foffani et
al., 2005; Hanrahan et al., 2016; Kiihn et al., 2004). However, reported
average group-level dynamics in LFO and alpha/beta activity seem to
show a paradigmatic reactivity pattern, overlapping with earlier studies
(Zavala et al., 2015a, 2014). The lack of induced gamma activity could
also be due to the noise floor of the used devices, which was reached
between 60 and 100Hz. The investigation of DBS-induced cortical
changes is challenged of the high amplitude artifacts related to ferro-
magnetic extension wires from the DBS electrodes to the recording
equipment or internal pulse generator. Artifacts from ferromagnetic
wires are likely to be reduced in patients with internalized electrode
cables (Oswal et al., 2016). It is conceivable that putative stimulation of
the motor subregion could have a different effect on conflict-related
behavior than stimulating the associative part, as the STN is thought to
be grouped into limbic, associative and motor areas, with each subregion
showing distinct connections to other subcortical and cortical areas
(Jahanshahi et al., 2015; Lambert et al., 2012; Lanciego et al., 2012). Itis
also possible that genuine conflict related processing is characteristic for
other subregions in the STN. Although we included a large number of
trials per participant, we may have missed smaller effects due to the
limited group sample size. The results might also depend on the char-
acteristics of our task design (Jahfari et al., 2011; Lavallee et al., 2014),
since the patients may have used high levels of proactive inhibition in our
task. The low error rates that indicate an accuracy speed trade off that is
shifted towards perfect task performance support this speculation. In
other words, our Flanker task may tonically inhibit and drive proactive
inhibition rather than reactive inhibition. Conflict related changes of the
STN-frontal network have previously been shown using tasks that assess
larger overall decision conflicts of about 100 ms (Zavala et al., 2013).
However, conflict related changes in our task of about 45 ms for each
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conflict level in both stimulation conditions resemble findings with
similar tasks in the literature (Soutschek et al., 2013; Van Veen and
Carter, 2005) and together yield a comparable conflict effect of about
90 ms between SC and RI trials that cannot be solely explained by pro-
active inhibition. As suggested by our DDM modelling results, the STN
may help implement a decision threshold that is specific to our task,
while the rate of evidence accumulation is influenced by the stimulus
conflict, resulting in the observed differences in reaction times. Future
studies are needed to confirm the functional subthalamic-cortical activity
and connectivity patterns as well as the behavioral results.

Conclusion

Our findings suggest that the STN in our task does not implement a
stimulus-conflict related inhibitory signal but rather a dynamic decision
threshold. We suggest that subthalamic activity as well as subthalamic-
cortical oscillatory connectivity reflect an inhibitory control and motor
network with different oscillatory mechanisms and propose that proac-
tive as well as reactive mechanisms and putative neural structures are
involved in implementing a dynamic executive control signal. Func-
tionally relevant and coherent low frequency oscillations could reflect
the communication within an executive control network with subcor-
tical, frontal and posterior nodes and alpha/beta oscillations might
reflect the coordination of a motor network with subcortical and motor
cortical structures. These networks may be tonically and coherently
active, are reactive to stimulus presentation, functionally linked to
response preparation and execution and return to their default and
possibly proactive state afterwards.
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Supplementary Figure 1: HDDM modeling results. (A) Main effects on drift rates between-subject model. A. shows the
posterior probability distribution of coefficients for the effects of conflict on drift rates. Posterior probabilities are
significantly ~ different between all conditions, with P(v SI < v SC) = 1.0 and
P(v Sl <vSC) = 1.0. (B) Main effects on threshold between-subject model. B. shows the posterior distribution of the
regression coefficient for the effects on the decision thresholds. Posterior probabilities are significantly different
between all conditions, with P(a DBS OFF > a DBS ON) = 1.0. (D) and (E) show the main effects on drift rate and
threshold as in (A) and (B) for the within-subject models. Note that within-subject posterior distributions do not overlap
with 0 and that posterior probabilities match with the between-subject results. (C) and (F). The six between-subject
and within-subject models evaluated with different parameters allowed to vary (as described in Supplementary
methods) and their respective DIC scores (con = conflict). The parameters from the best model are shown in (A), (B)
and (D), (E).
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Drift-diffusion models (DDMs) are commonly used to investigate two-alternative choice decision
making tasks such as the Eriksen Flanker Task and have been successfully used to model
decision-making related parameters and their possible relation to human STN activity and
stimulation (Cavanagh et al., 2011; Herz et al., 2017, 2016; Ratcliff and McKoon, 2008;
Wagenmakers, 2009). We used drift diffusion modeling (DDM) to investigate how trial-by-trial
fluctuations in reaction times are possibly related to decision-making processes like decision

threshold (boundary) and drift rate and how they were modulated by stimulus conflict and DBS.
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Supplementary Methods

Drift diffusion modeling

DDM modelling normally includes four parameters: the decision threshold/boundary a, the drift
rate v, the decision bias z and non-decision time t. Decision making is modelled as accumulation
of information over time and is reflected by the drift rate. The accumulation of information
continues until a decision threshold is reached. Fast and accurate decisions often show high drift
rates, whereas lower drift rates reflect slow decisions (Krypotos et al., 2015). The decision bias
parameter incorporates a task inherent bias toward one or another response. The non-decision

time reflects processes like stimulus encoding and response execution (Ratcliff et al., 2016).

Here we applied a  hierarchical DDM model (Python package HDDM,
http://ski.clps.brown.edu/hddm_docs/) (Wiecki et al., 2013) to fit the reaction time data from our
modified Eriksen Flanker task. Due to the low error rate, we could not assume that errors were
equally distributed across conditions in different subjects. Therefore, we also applied our winning
model to RT data without errors to confirm results. Hierarchical Bayesian models are especially
suited to estimate parameters of individual subjects and groups of subjects, while individual
parameter estimates are constrained by group-level distributions (Nilsson et al., 2011; Shiffrin et
al., 2008).
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A between-subject models implicitly assumes that the different conditions are completely
independent of each other, but it is possible that there are individual differences in overall
performance, and it could be that someone who is better in one conflict condition (e.g. SC)
would also be better in another conflict (e.g. RI) condition. A within-subject model is able to
capture these inter-individual differences in performance, by capturing overall performance in
one condition (e.g. SC) as a baseline, and then expressing the other conflict conditions to SC

(Wiecki et al., 2013). The same logic applies for DBS conditions.

We tested 6 between-subject models and confirmed results with within-subject models with
matching parameters. We assumed an unbiased starting point z, given that left/right responses
and different conflicts were counterbalanced, and assumed that non-decision time t would not be
expected to vary as a function of condition, as the stimulus encoding and motor responses
required across conditions were comparable. The other two parameters, the drift rate v and the
decision threshold a were free to vary with DBS condition and stimulus conflict. The drift rate has
previously been shown to be modulated by levels of conflict (Cavanagh et al., 2011; Herz et al.,
2016; Krypotos et al., 2015) and the decision threshold is reported to interact with DBS
(Cavanagh et al., 2011; Plummer, 2008). The initial analysis of our behavioral RT data revealed
main effects of DBS and of conflict with no interaction. To confirm our initial hypothesis, we
tested both between as well as within-subject models with different combinations of the two
parameters varying with different conditions. Model specifications were as follows: in the first
model, only drift rate v was permitted to vary by conflict condition, and decision threshold a was
held constant; in a second model, v could vary across DBS conditions and a was held constant;
in a third model, v varied with conflict and a with DBS, while in the fourth model v varied with
DBS and a with conflict. In the fifth and sixth model v was held constant and in the fifth model a
varied with DBS and in model six, a varied with conflict only. In the within-subject models, we

used v from the SC condition and a from DBS OFF as the intercepts.

Markov Chain Monte Carlo simulations were used to generate 25,000 samples from the
posterior parameter distributions in all models. We discarded the first 5000 samples as burn-in.
We assessed convergence by visually inspecting the Markov chains and computed R-hat
Gelman-Rubin statistics. All values were below 1.1, indicating successful convergence (Krypotos
et al., 2015; O’Callaghan et al., 2017). The winning model was determined by comparing the
deviance information criterion (DIC) from each model, with lower DIC values suggesting better
model fit (Spiegelhalter et al., 2002). A difference in DIC of 10 is usually considered significant
(Zhang and Rowe, 2014). We used Bayesian hypothesis testing to determine the extent of

overlap between the parameters posterior density distributions and considered posterior
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probabilities to be significantly different if less than 5% of the distributions overlapped (Herz et
al., 2016; Wiecki et al., 2013).

Supplementary Results
Drift diffusion modeling

From the analysis of reaction times we expected a main effect of DBS and a main effect of
conflict but no interaction. Literature suggests that modulations of drift rate are influenced by the
level of conflict and higher drift rates are associated with lower conflict levels, and that the
threshold varies with DBS, with a decreased threshold during DBS as compared to without DBS.
To test our assumptions, we compared the model evidence of our favored model with other
models that incorporated different parameter and condition combinations, using DIC (Figure 1
E.). DIC values for all between-subject models were: model 1 (v ~ conflict) DIC: -1645, model 2
(v ~ dbs) DIC: -1721, model 3 (a ~ dbs, v ~ conflict) DIC: -2067, model 4 (v ~ dbs, a ~ conflict)
DIC: -1961, model 5 (a ~ dbs) DIC: -1891, model 6 (a ~ conflict) DIC: -1712., with the best model
beating the second best model by 115 points. DIC values for all within-subject models were
similar to between-subject models: model 1 (v ~ conflict) DIC: -1645, model 2 (v ~ dbs) DIC: -
1721, model 3 (a ~ dbs, v ~ conflict) DIC: -2068, model 4 (v ~ dbs, a ~ conflict) DIC: -1961,
model 5 (a ~ dbs) DIC: -1891, model 6 (a ~ conflict) DIC: -1712, with the best model beating the
second best model by 116 points. The winning model posterior probabilities in the winning
between-subject as well as in the within-subject model are significantly different between all
conditions for all parameters, with P(v SI <v SC) 1.0 and with P(v SI <v SC) = 1.0 and
P(a DBS OFF > a DBS ON) = 1.0 (Figure 1 A.,B.). Applying our winning model to RT data

without errors, we can confirm the results from our winning model. Posterior probabilities

patterns for both parameters and differences between conditions matched the one found in the

models with errors (data not shown).
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Supplementary Discussion
Drift diffusion modeling

While we found a main effect of conflict and DBS on RTs and no interaction between them with
our conventional analysis, in our winning models, we see a main effect of conflict on the drift rate
and a main effect of DBS on decision thresholds. With the results from our winning models, we
can confirm reaction time patterns we found with conventional analysis as well as earlier
observations in the literature. A main effect of STN DBS on decision thresholds has been
previously reported for example in a moving dot task when PD patients were instructed to speed
up their decision as compared to accuracy instructions and in a reinforcement learning and
choice conflict task (Cavanagh et al., 2011; Pote et al., 2016). We can confirm these findings as
we report lower threshold levels during DBS. Fast decisions often show high drift rates, whereas
lower drift rates reflect slow decisions and lower levels of conflict (Herz et al., 2016; Krypotos et
al., 2015). We found that low conflict trials do show the highest drift rates and high conflict trials

show significantly lower drift rates reflecting the hierarchical pattern we found in the RT analysis.

We have not investigated more complex models with additional free parameters like non-
decision time, which includes response execution time or an interaction between conflict and
DBS for parameters like drift-rate or decision threshold and cannot exclude the possibility of
interactions. It is conceivable for example that DBS leads to general motor improvement
resulting in shorter motor execution and hence reduced non-decision time. Additional
parameters however increase the possible parameter combinations that could be used for
modeling drastically and makes the interpretation of the results and comparison of the models
increasingly challenging. Here we used DIC for model comparison and literature considers this
measure too generous to over-complex models, as DIC under-penalizes more complex models
(Plummer, 2008).
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