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ARTICLE INFO ABSTRACT
Keywords: Objective: Bradykinesia has been associated with beta and gamma band interactions in the basal ganglia-thalamo-
Beta oscillation cortical circuit in Parkinson’s disease. In this present cross-sectional study, we aimed to search for neural net-
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works with electroencephalography whose frequency-specific actions may predict bradykinesia.

Methods: Twenty Parkinsonian patients treated with bilateral subthalamic stimulation were first prescreened
while we selected four levels of contralateral stimulation (0: OFF, 1-3: decreasing symptoms to ON state)
individually, based on kinematics. In the screening period, we performed 64-channel electroencephalography
measurements simultaneously with electromyography and motion detection during a resting state, finger tap-
ping, hand grasping tasks, and pronation-supination of the arm, with the four levels of contralateral stimulation.
We analyzed spectral power at the low (13-20 Hz) and high (21-30 Hz) beta frequency bands and low (31-60
Hz) and high (61-100 Hz) gamma frequency bands using the dynamic imaging of coherent sources. Structural
equation modelling estimated causal relationships between the slope of changes in network beta and gamma
activities and the slope of changes in bradykinesia measures.

Results: Activity in different subnetworks, including predominantly the primary motor and premotor cortex, the
subthalamic nucleus predicted the slopes in amplitude and speed while switching between stimulation levels.
These subnetwork dynamics on their preferred frequencies predicted distinct types and parameters of the
movement only on the contralateral side.

Discussion: Concurrent subnetworks affected in bradykinesia and their activity changes in the different frequency
bands are specific to the type and parameters of the movement; and the primary motor and premotor cortex are
common nodes.

1. Introduction the basal ganglia-thalamocortical loop, (Kiihn et al., 2008; Hirschmann

et al., 2013; Lalo et al., 2008; Pollok et al., 2013) suggested modified

The pathophysiological mechanisms in the brain in relation to bra- system dynamics in Parkinson’s disease, which could be influenced by

dykinesia are extensively examined in Parkinson’s disease (de Hemp- dopaminergic (Hirschmann et al., 2013; Lalo et al., 2008) and deep
tinne et al., 2015; Neumann et al., 2016) and its animal models (Mallet brain stimulation (Kiihn et al., 2008) therapy.

etal., 2008; West et al., 2018). Alterations in oscillatory activities within Excessive beta band (13-30 Hz) activity seems to have an imperator
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role in the compound network oscillations in Parkinson’s disease
(Neumann et al., 2016; Wang et al., 2018). Human local field potential
measurements pointed out that high beta activity in the subthalamic
nucleus positively correlates with the motor impairment on the group
level, across patients (Neumann et al., 2016), as well as in a repeated
measures design within patients (Steiner et al., 2017; Williams et al.,
2005). Similarly, a decrease of beta power after levodopa therapy (Kiihn
et al., 2009; Ray et al., 2008) and deep brain stimulation (DBS) sessions
(Kiithn et al., 2008; Oswal et al., 2016) correlated with the improvement
of contralateral bradykinesia and rigidity. Prominent beta activity in the
motor cortex was also related to dopamine depletion in animal models
and in humans (Mallet et al., 2008; Whitmer et al., 2012). However, a
correlation analysis between the changes in frontal cortical beta power
and the changes of movement parameters on a group level has resulted
in controversial conclusions (Oswal et al., 2016; Abbasi et al., 2018;
Luoma et al., 2018; Pollok et al., 2012).

Unlike beta activity, gamma synchronization may promote the in-
formation processing in functionally connected neuronal circuits
(Tamas et al., 2018). A narrow band gamma (60-90 Hz) activity was
found to be coherent between the STN and the primary motor cortex in
Parkinson’s disease during movement (Litvak et al., 2012). In this band,
the change in subthalamic nucleus (STN) power (Litvak et al., 2012;
Lofredi et al., 2018) and the STN-primary motor cortex (M1) coherence
(Litvak et al., 2012) after levodopa treatment correlated with the bra-
dykinesia and rigidity (Litvak et al., 2012). The narrow band gamma
activity measured in the M1 and the STN was also linked to hyperkinesia
in Parkinson’s disease (Swann et al., 2016). Movement-induced broad-
band gamma (30-100 Hz) activity was detected in the STN and the M1
contralateral to the movement in Parkinson’s disease (Litvak et al.,
2012); the amplitude of the cortical gamma oscillation is coupled to the
STN beta phase (Shimamoto et al., 2013). The STN gamma activity did
not correspond to the clinical symptoms (Lofredi et al., 2018).

Studies analysing STN local field potential and electrocorticography
focused on the primary sensorimotor area (de Hemptinne et al., 2015;
Whitmer et al., 2012); this cortical location for OFF state-related
neurophysiological markers was also confirmed by magnetoencepha-
lography and EEG studies beside the premotor cortex or the supple-
mentary motor cortex (SMA) (Oswal et al., 2016; Abbasi et al., 2018;
Luoma et al., 2018; Litvak et al., 2012). The entire network, including
the cortico-subcortical regions, has not been analyzed simultaneously in
any of the above studies.

In this current study we aimed to explore motor cortical areas and
their networks with EEG, in which beta or gamma band activity may
predict bradykinesia in Parkinsonian patients to further explore its
pathophysiology. The novelty of the current study is that we investi-
gated Parkinsonian patients treated with bilateral STN-DBS that allowed
the testing of different levels of bradykinesia resulted by different levels
of stimulation on the individual level. The recruited patients were
chronically stimulated, so the stun effect of the early postoperative
phase, which was shown to cause temporary and frequency-specific al-
terations in STN activity (Rosa et al., 2010), did not influence our re-
sults. We captured different parameters of bradykinesia (i.e., speed,
amplitude, rhythm, and decrement in speed and amplitude) objectively
with motion analysis as their abnormalities may reflect different path-
ophysiological processes (Bologna et al., 2020). We related their
changes to the evolution of network activities individually.

We hypothesized that different subnetwork activities are involved in
developing distinct bradykinesia components on their own preferred
frequencies (Tamas et al., 2018).

2. Methods
2.1. Participants

Twenty Parkinsonian patients treated with bilateral STN-DBS were
recruited for the study, with a minimum of 1 year of follow-up after the
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operation. They had Kinetra and Activa PC stimulator implants with
leads No. 3389 (Medtronic plc.). Dementia and musculoskeletal diseases
leading to disabilities were exclusion criteria. The patients signed an
informed consent form according to the Declaration of Helsinki. The
Medical Research Council in Hungary has provided ethical approval
(080958/2015/0TIG). The study protocol is summarized in Fig. 1.

2.2. Prescreening

A prescreening was performed the day before the screening for all
patients with motion analysis. The contralateral STN was first in the
stimulation OFF condition, and then ON conditions, in which the clini-
cally most effective contact was activated from 0,5V to the voltage limit
with side effects up to 4 V with 0,5V steps. We calculated Kinesia scores
separately for the speed, amplitude, and rhythm of the movements
(Espay et al., 2011; Heldman et al., 2011); these values were then
averaged across the three parameters and tasks, creating a total Kinesia
score (Pulliam et al., 2015) for each patient for each stimulation step.
We sorted out four different Kinesia total score values and their asso-
ciated stimulation intensities individually and assigned a level of
contralateral stimulation (0: OFF, 1-3: gradual improvement of brady-
kinesia to the optimal ON state) to these values (Fig. 2, Table 1).

2.3. Screening

On the second day, in the screening period, we conducted 64-channel
EEG measurements simultaneously with EMG and motion detection of
the movements of the more affected hand. One bipolar surface EMG
channel measured the activity of the forearm extensors and one of the
biceps brachii muscle. We screened the patients during RESTING STATE
(sitting in a supine position with eyes open and fixed to a point ahead)
and then FINGER TAPPING, PRONATION-SUPINATION, and HAND
GRASPING of the more affected upper limb. Patients repeated the task
series on the four levels of contralateral stimulation, which were
selected in the prescreening period, in counterbalanced order.

2.4. Surgical procedure

The STN target was selected using standard stereotactic procedures
(Andrade-Souza et al., 2005) according to individual anatomical struc-
tures; electrode implantation was guided by microelectrode recording
and clinical testing during macrostimulation in each patient (detailed
description in (Tamas et al., 2016)).

2.5. Estimation of the volume of tissue activated (VTA)

All patients underwent pre-operative MRI, using a 3 Tesla MRI
scanner (Philips Achieva) with an 8-channel SENSE head coil under
general anesthesia avoiding movement artifacts. The pre-operative MRI
included the whole-brain high resolution T1-images using standard
MPRAGE (magnetization-prepared 180 degrees radio-frequency pulses
and rapid gradient-echo) sequence with TR = 9.6031 ms, TE = 4.6 ms,
flip angle = 80 and voxel resolution of 1 x 1 x 1 mm3. The post-
operative CT scan was performed using Siemens SOMATOM-
Definition-AS-plus scanner with axial slices of slice thickness of 1 mm
one month after operation.

To verify the optimal location of the stimulation, we localized the
active contact and estimated the volume of tissue activated (VTA)
individually in the different stimulation levels. We estimated VTA using
lead DBS - a Matlab based toolbox for reconstructing the implanted
electrodes and simulating the stimulation (https://www.lead-dbs.org/).
The details of electrode localization and VTA reconstruction have pre-
viously been described (Horn and Kiihn, 2015; Horn et al., 2019). In
brief, preprocessing was performed using SPM12 (http://www.fil.ion.
ucl.ac.uk/spm/software/spm12) where postoperative images were lin-
early co-registered to preoperative MRI and were manually controlled
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A Kinesia total score
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Fig. 2. Selecting stimulation levels on the prescreening day A. Kinesia total scores on the four stimulation levels assigned on the prescreening day (stimulation off
state: level 0, stimulation on states: levels 1-3) in the 20 patients. B. Stimulation intensity on the four levels of stimulation in the 20 patients. Kinesia total scores (A)
and stimulation intensities (B) are presented on the radial axis while the number of patients on the outer angular axis.

Table 1
Statistical analysis comparing the Kinesia combined scores across the three tasks
and four stimulation levels.

Within factor Post hoc comparisons; CI 95% of

the mean differences

TASK Fo38 = p=
1.74 0.19
STIMULATION F3s57 = p< All comparisons:
LEVEL 194.33 0.001 p < 0.001;

0-1: 0.25-0.35
0-2: 0.5-0.64
0-3: 0.8-0.97
1-2: 0.23-0.31
1-3: 0.52-0.65
2-3: 0.26-0.36

for each patient and refined when needed. Thus, obtained images were
then normalized into ICBM 2009b NLIN asymmetric space based on the
preoperative MRI; finally, DBS electrode contacts were localized within
the MNI space using Lead-DBS software. To construct a model for vol-
ume conduction of the DBS electrode from the active contact, a tetra-
hedral volume mesh was generated based on the surface meshes of DBS
electrodes and subcortical nuclei using the Iso2Mesh toolbox (htt
p://iso2mesh.sourceforge.net/), as included in Lead-DBS. All of the
parameters used for the reconstruction have previously been published
(Horn et al., 2017); the voltage applied to the active electrode contacts
was introduced as a boundary condition (Astrom et al., 2009).

2.6. Kinematic analysis

A Kinesia (Great Lakes NeuroTechnologies Inc., Cleveland, OH)
motion sensor system consisting of a three-dimensional gyroscope was
fixed on the index finger of the subject to capture kinematic parameters
of movements in each stimulation steps (Espay et al., 2011; Heldman
et al., 2011). Analysis of the motion data is described in Ref (Tamas
et al., 2016). Speed as the root mean square angular velocity, amplitude
as the root mean square excursion angle, and the rhythm as the coeffi-
cient of variation were calculated (Espay et al., 2011; Heldman et al.,
2011; Tamas et al., 2016). A higher coefficient of variation is a sign of
worse rhythmicity. The values of speed, amplitude, and rhythm were
converted to Kinesia scores (0-4 on continuous scale; a higher score
represents more severe bradykinesia) (Espay et al., 2011), which were
then used for further analysis. We also computed the decrement of speed
and amplitude from the relevant Kinesia scores as traits of bradykinesia

in Parkinson’s disease; they were the ratios of the values in the fourth 30
sec. time interval to the values in the first 30 sec. for each 2 min. task.

2.7. EEG acquisition, preprocessing and time frequency analyses

EMG was recorded in parallel with a standard 64-channel EEG
recording system (Brain Products Co., Munich, Germany) using a linked
vertex reference. A standard EEG cap was used with electrodes posi-
tioned according to the extended 10-20 system. The pre-processing
steps were performed by a researcher who was blinded to the stimula-
tion conditions. EEG data preprocessing and part of the spatial filter
analysis were performed using MATLAB2018a and the fieldtrip toolbox
(Oostenveld et al., 2011). Initially, EEG data was re-referenced to the
common grand average reference of all EEG channels. The raw EEG data
was low-pass filtered (fourth-order Butterworth filter; cut-off frequency:
300 Hz) to avoid aliasing, followed by high pass filtering at 0.5 Hz. A
notch filter was used to filter out the 50, 100, and 150 Hz activity. In the
second step, EEG data was subjected to independent component analysis
(FastICA) to remove the components representing the DBS artifacts,
muscle artifacts, eye blinks, eye movements, and line noise. On average,
for the experiments, 8 of 64 components (8 + 2.3, mean + SD) were
rejected, 2-3 were related to DBS artifacts (2 + 1.24), 1-2 were related
to eye artifacts (1 + 0.68), 1-2 related to line noise (1 + 0.34) and 1-2
were related to muscle artifacts (1 #+ 1.21). The residual muscle artifacts
were visually inspected, removed, and interpolated with the cubic
interpolation method. Continuous data was first decomposed into
time-frequency representation by using the multitaper method (Mitra
and Pesaran, 1999; Muthuraman et al., 2010). In this method the
spectrum is estimated by multiplying the data with different windows (i.
e. tapers). In this study orthogonal tapers were used with optimal
leakage and spectral properties, along with the applied discrete prolate
spheroidal sequences (Slepian and Pollak, 1961). EMG was band-pass
filtered (30-200 Hz), a notch filter was used; it was sampled at 1000
Hz. The data was stored in a computer and analysed off-line. The EMG
was full-wave rectified (Muthuraman et al., 2010).

2.8. EEG source analyses

The reconstruction of the brain activity used the forward solution
with a finite-element method (Wolters et al., 2007). A full description of
the beamformer linear constrained minimum variance spatial filter is
given elsewhere (Muthuraman et al., 2018; Van Veen et al., 1997).

The forward problem is the computation of the scalp potentials for a
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set of neural current sources. An established procedure was used by
estimating the lead-field matrix with specified models for the brain; a
volume conduction model with a finite-element method was used
(Wolters et al., 2007). For the forward modelling the surfaces of the
compartments, such as the skin, skull, cerebrospinal fluid, and the white
matter were extracted from the individual T1 MRI scans, and individual
electrode locations were used. The forward modelling and the source
analysis were done in FieldTrip (Oostenveld et al., 2011). The lead-field
matrix contains information about the geometry and conductivity of the
model. The complete description of the solution for the forward problem
has been described previously (Muthuraman et al., 2010; Muthuraman
et al., 2012). A full description of the beamformer linear constrained
minimum variance spatial filter is given elsewhere (Muthuraman et al.,
2018; Van Veen et al., 1997). The output of the beamformer at a voxel in
the brain can be defined as a weighted sum of the output of all EEG
channels. The weights determine the spatial filtering characteristics of
the beamformer and are selected to increase the sensitivity to signals
from a voxel and reduce the contributions of signals from (noise) sources
at different locations. The frequency components and their linear in-
teractions are represented as a cross-spectral density matrix. In order to
visualize power at a given frequency range, a linear transformation was
used based on a constrained optimization problem that acts as a spatial
filter (Van Veen et al., 1997). The spatial filter assigned a specific value
of power to each voxel. For a given source the beamformer weights for a
location of interest are determined by the data covariance matrix and
the lead-field matrix. A voxel size of 5 mm was used in this study,
resulting in 3676 voxels covering the entire brain. We estimated the
coherent sources involved in the FINGER TAPPING task, namely four
cortical (M1, PMC, SMA, DPFC) and two sub-cortical regions (STN and
cerebellum: CER) for each patient separately based on the EMG signal as
reference. The individual MNI co-ordinates of these regions were then
used for analysis of the RESTING STATE and other movement tasks. We
used the FINGER TAPPING task as our reference task because previous
publications from our group and other centers revealed robust networks
of this task in healthy controls (Anwar et al., 2016; Muthuraman et al.,
2014; Pollok et al., 2007; Pollok et al., 2009). For each frequency band,
the activated voxels were selected by a within-subject surrogate analysis
to define the significance level, which was then used to identify voxels in
the regions as activated voxels. Once the brain region voxels were
identified, their activities were extracted from the source space. In a
further analysis, all the original source signals for each region with
several activated voxels were combined by estimating the second order
spectra and employing a weighting scheme depending on the analysed
frequency range to form a pooled source signal estimate for each region
as previously described (Muthuraman et al., 2014; Amjad et al., 1997;
Rosenberg et al., 1989; Muthuraman et al., 2020).

We computed the absolute power at four different frequency bands,
namely low beta (13-20 Hz), high beta (21-30 Hz) (Lofredi et al., 2019),
low gamma (31-60 Hz) and high gamma (61-100 Hz) (Cao et al., 2017)
bands at each of the six regions separately. We calculated the absolute
power values both contralateral and ipsilateral to the movement during
RESTING STATE, FINGER TAPPING, HAND GRASPING and
PRONATION-SUPINATION tasks.

2.9. Statistical analysis

Normal distribution of the data sets was tested by the Kolmogorov-
Smirnov test. For demographic data and therapeutic information, we
used descriptive statistics (mean, median and standard error of mean).

In the screening period, we compared the speed, amplitude, and the
decrement of the speed and amplitude, and the rhythm separately at the
four stimulation levels in each task. We analysed the power of the beta
and gamma bands in the three tasks with ANOVA for repeated measures
and the Newman-Keuls post hoc test. The within group effects were as
follows: STIMULATION LEVEL and TASK for the kinematic data;
LOCATION in the brain, BAND (beta and gamma), SUBBAND (low and
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high frequency range), STIMULATION LEVEL (0-3), TASK and HEMI-
SPHERE (contralateral and ipsilateral to the examined more affected
hand) for the EEG power values.

2.10. Structural equation modelling (StrEM) and statistics

The structural equation modelling (StrEM) analysis was performed in
a toolbox for MATLAB (version 13a, Mathworks, Natick, MA, USA).
StrEM represents a complex analytical tool that enables a determination
between the causal relationships of the variables in a model-based
approach. The relationship between the four analysed frequency
bands and the Kinesia scores (speed, amplitude and rhythm) were
assessed separately for each task in four different models. We estimated
the slope of the trend lines of the Kinesia scores for movement speed,
amplitude, and rhythm through the stimulation conditions (from 0 to 3);
we used the following equation: Slope = (y2 — y1)/(x2 — x1). Similarly,
we calculated the slope of the trend lines of power in each frequency
band. We used the slope of the power as input and slope of the Kinesia
scores as output in the StrEM models.

We employed the Maximum Likelihood method of estimation to fit
the models. To adjust the models for a large sample size, we used the
Root Mean Square Error of Approximation index, which improves pre-
cision without increasing bias. The index estimates lack of fit in a model
compared to a perfect model and therefore should be low. The index for
all models was below 0.05, which indicates a very good fit for the
models. In all models, the Invariant under a Constant Scaling and its
factor criteria should be close to zero, which will signify that models
were appropriate for analysis. Finally, using the Akaike Information
Criterion, the quality of each model relative to other models was esti-
mated, with smaller values signifying a better fit for the model. The
obtained criterion comparing the models varied between 0.02 and 0.04
(which indicates a good fit for the models). The strength of associations
between the variables in the models was quantified by standardized
coefficients (s), ranging from 0 (no association) to 1 (very strong asso-
ciation). In addition to the AIC for the multiple models, we have
controlled the results; the adjusted Bonferroni correction severity of the
adjustment was weakened with an increasing value of the average ab-
solute correlation between two parameters in the model (Smith and
Cribbie, 2013). The described significant models survived the adjusted
Bonferroni correction with (p < 0.005).

Table 2
Demographics and clinical data of the recruited patients.

Age mean (SD) 63.9 (8.62) years

Gender
Disease duration
Elapsed time after operation

5 females, 15 males
14.7 (7.56) years
3.05 (2.28) years

Left STN stimulation Amplitude 2.3(0.62) V
Pulse width 60 (7.8) ps
Frequency 132.5 (5.38) Hz
Right STN stimulation Amplitude 2.3(0.57) vV
Pulse width 61.4 (10.3) ps
Frequency 132.5 (5.38) Hz
Tested STN 9 right, 11 left
Preoperative UPDRS III. MED OFF 35.6 (18.59) points
MED ON 7.9 (8.06) points

UPDRS III. at the time of the study

STIM ON-MED OFF
STIM ON-MED ON

8.2 (7.26) points
4.2 (3.85) points

Hoehn-Yahr stage Preoperative 2.6 (0.85)
At the study 1.2 (0.63)
Levodopa equivalent dose Preoperative 1017.5 (454.27) mg
At the study 385.3 (172.99) mg

STN: subthalamic nucleus, UPDRS: Unified Parkinson’s Disease Rating Scale.
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3. Results
3.1. Clinical characteristics of the patients

Clinical characteristics of the patients are summarized in Table 2.
The active contacts located within the sensorimotor region of the
STN in all subjects (Fig. 3).

3.1.1. Screening period, kinematic analysis:

The Kinesia scores of the speed did not differ in the different tasks.
The speed and amplitude Kinesia scores decreased with rising stimula-
tion intensity (Fig. 4). The Kinesia score of the rhythm improved the
least among kinematic parameters by increasing stimulation intensity.
The decrement of speed and amplitude did not differ in tasks and did not
change with adjustment of stimulation intensity (Fig. 5).

3.1.2. Screening period, beta, and gamma power analysis:

The grand average power topographies of all the 20 patients are
shown in Supplementary Fig. 1 for the finger tapping task, including a
control region (posterior parietal cortex). In addition, we present the
power spectrum for each region separately in all the four frequency
bands and different tasks in Supplementary Fig. 2(A-G).

The elevation of stimulation intensity caused a significant decrease
of beta power and increase of gamma power sequentially contralateral
to the movement in the cortical areas and the STN, and ipsilateral in the
cerebellum (Table 3, Figs. 6 and 7, Supplementary Fig. 3).

Beta power was higher than gamma power in the measurements.
Beta and gamma power were lower in the continuously stimulated
hemisphere ipsilateral to the examined hand than in the contralateral
hemisphere during the whole measurement.

Low beta power was the highest in the M1, DLPFC and the CER, and
was significantly different from low beta power in the PMC, SMA and
STN. The high beta power in the M1, PMC, the DLPFC and the CER was
significantly higher than in the SMA and the STN. The low and high band
gamma power was similar in the M1, the PMC, the DLPFC, and the CER
in the tasks and stimulation conditions; they were significantly higher
than in the SMA and the STN. The high frequency beta/gamma power
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was significantly higher than low frequency beta/gamma power in their
respective locations. Beta power was highest in the FINGER TAPPING
and PRONATION-SUPINATION tasks, while gamma power in the
FINGER TAPPING task in comparisons with the RESTING STATE and
other movement tasks according to the overall ANOVA results including
all locations and subbands. Power of beta and gamma activity was
highest in the M1, DLPFC and the cerebellum, which was complemented
by the SMA in FINGER TAPPING, and the PMC in PRONATION-
SUPINATION task. Low and high-frequency beta and gamma activity
did not change during movement compared to the resting state in the six
locations and four stimulation conditions (all post hoc comparisons: p >
0.05; Figs. 6 and 7, Supplementary Fig. 3).

3.1.3. Structural equation modelling results

The obtained fit indices in the Structural equation modelling analysis
implied a good fit for the constructed models to the observed data,
providing robust causal relations between the variables.

In the FINGER TAPPING task, the input slope of low beta absolute
power values from the network of M1 and PMC with STN as mediator
were strong predictors for the slope of speed (standardized coefficient S
= 0.68; p < 0.005) and the slope of amplitude (S = 0.65; p < 0.005), as
shown in Fig. 8A in the first Structural equation model. In the second
model for high gamma activity the input slope of high gamma power
values from the network of PMC and DLPFC with CER as a mediator
strongly linked to the slope of amplitude (S = 0.62; p < 0.005; Fig. 8B).
In both models, the values from single cortical sources were not asso-
ciated with the values of the STN (M1: S = 0.26; p = 0.42; PMC: S = 0.31;
p = 0.29) or the CER (PMC: S = 0.27; p = 0.39; DLPFC: S = 0.32; p =
0.31).

In the third model for PRONATION-SUPINATION task, the slope of
the high beta power values from the network of M1 and PMC with STN
as mediator were strong predictors for the slope of amplitude (S = 0.74;
p < 0.005); it is presented in Fig. 8C.

In the fourth model for HAND GRASPING task the slopes of the low
beta power values from the circle consisting of M1 and SMA with STN as
mediator were strong predictors for the slope of amplitude (S = 0.81; p
< 0.005; Fig. 8D). In both models, the single sources were not associated

Fig. 3. Active contact locations and the volume of tissue activated in a representative patient Active contacts were in the sensorimotor part of the subthalamic
nucleus in all patients (A-C). Background template: a 7 T MRI ex vivo 100-um human brain. D. The volume of tissue activated in a representative patient, using 3 T
anatomical T1 image. Orange: sensorimotor, blue: associative, yellow: limbic part of the STN.
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with STN (third model: M1: S = 0.30; p = 0.52; PMC: S = 0.28; p = 0.18;
fourth model: M1: S = 0.24; p = 0.34; SMA: S = 0.31; p = 0.28).

We have listed all ranges of the standardized coefficients from the
SEM models obtained for each possible combination separately for each
frequency band and task in Supplementary Tables 1-12.

4. Discussion

Our EEG study involving Parkinsonian patients with bilateral STN-
DBS implants revealed that bradykinesia of the upper limb can be pre-
dicted the best from the beta and gamma activities of different sub-
networks consisting predominantly of the primary motor, premotor
cortex, and the STN. Increasing STN stimulation decreases beta power,
and increases gamma power in the whole cortico-subcortical network
parallel with the improvement of bradykinesia. According to the results,
STN-DBS exerts strict ipsilateral effect on motor cortex areas during
bilateral stimulation.

In line with other studies, our results confirm that several loops

operate parallel in the motor system (Tamas et al., 2016) on their spe-
cific frequencies (Oswal et al., 2016; Litvak et al., 2011).

4.1. Network activity behind bradykinesia

Our results yielded the significance of the M1-PMC-STN network in
the generation of beta activity in predicting bradykinesia in Parkinson’s
disease. We also detected a network, including the SMA, M1, and STN,
whose low beta activity changes predicted the slope of hand grasping
amplitude.

The beta activity in Parkinson’s disease has already been supposed to
originate in networks (Mallet et al., 2008; West et al., 2018), possibly
along the hyperdirect pathway (West et al., 2018). It is supported by
different findings. Coherent activity in the beta band has already been
identified between M1, PMC and the STN (Oswal et al., 2016; Whitmer
et al., 2012; Litvak et al., 2011; Hirschmann et al., 2011), and between
SMA and the STN (Lalo et al., 2008; Oswal et al., 2016). Movement-
related beta responses was detected not only in the M1, but also in the
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Table 3
Statistical analysis of the beta and the gamma band power.

Within group effect Power Post hoc comparisons
LOCATION Fs05=12.92;  All comparisons: p < 0.01; except: pmi-
p < 0.001 DLPFC»
PM1-CER,
PDLPFC-CER
BAND Fr10= PBETA-GAMMA < 0.001
64558; p <
0.001
BAND x SUBBAND Fi10= All comparisons: p < 0.01
10048; p <
0.001
STIMULATION LEVEL F357 = 39; p All comparisons: p < 0.05
< 0.001
BAND x F357 = 2783; All comparisons: p < 0.001
STIMULATION p < 0.001
LEVEL
TASK F3 57 = 250; All comparisons: p < 0.001
p < 0.001
BAND x TASK F357 = 361; All comparisons: p < 0.001; except:
p < 0.001 peera:rr-ps = 0.08
LOCATION x TASK F15,285 = 53; Resting state: pyi-pmc < 0.001;
p < 0.001 Pmi-sma < 0.001; pyistnv < 0.001.
Finger tapping: pyi.stn < 0.001.
Pronation-supination: py;.sma < 0.001;
pmi-stn < 0.001. Hand grasping: pyi-
sma < 0.001; pmi-stn < 0.001.
HEMISPHERE Fi10= PconTra-pst < 0.001
14206; p <
0.001
TASK x HEMISPHERE F357 = 253; PconTrApst < 0.001 in all tasks
p < 0.001
LOCATION x BAND Fs 95 = 323; Comparisons of location M1: p < 0.001;
p < 0.001 except: ppera:m1-pLprc:0.99; PeeTAMI-
cer:0.99; peammami-pmc:0.8; Peamma:
m1-pLpec:0-53; Peammami-cer:0.59
STIMULATION LEVEL F357 = 50; p All comparisons: p < 0.001; except all
x HEMISPHERE < 0.001 comparisons between ipsilateral values

(contralateral in the cerebellum): p >
0.19

Contralateral (contra): contralateral to the movement; Ipsilateral (ipsi): ipsilat-
eral to the movement.

PMC (Pollok et al., 2009), as well as in the SMA (Pollok et al., 2009). It
has been demonstrated in animals that corticosubthalamic fibers origi-
nate in the M1, PMC, and the SMA (Nambu et al., 1997; Inase et al.,
1999).

The motor cortex areas may not have a primary role in the generation
of beta activity (Guerra et al., 2021), which may be part of the neuro-
plastic responses to dopamine depletion (Hirschmann et al., 2013;
Abbasi et al., 2018; Luoma et al., 2018). The hierarchical arrangement in
these networks has not yet been established. STN-cortical coupling is
bidirectional and dynamically changes in brain states, as was deduced in
both animal (West et al., 2018) and human studies (Lalo et al., 2008;
Shimamoto et al., 2013). Our results also pinpointed the complex
network nature of the pathophysiology behind bradykinesia, in which
M1 and the premotor cortex play a determining role.

The association of beta power on a network level with the real-time
kinematic parameters was strong (standardized coefficient: 0.65-0.81).
In a study by Neumann et al., the correlation coefficient was r = 0.44
between beta power in the STN and the Unified Parkinson’s Disease
Rating Scale scores in a cohort of 63 patients (Neumann et al., 2016). It
was r = 0.70 when correlating beta power in the primary sensorimotor
cortex and the Unified Parkinson’s Disease Rating Scale scores across 20
patients (Pollok et al., 2012). Frontal gamma (55-65 Hz) power rise
evoked by STN-DBS correlated with the Unified Parkinson’s Disease
Rating Scale III. Scores in 13 patients; r = 0.765 (Cao et al., 2017); these
results also draw attention to the cortical activity, which may addi-
tionally improve the sensitivity and specificity of beta and gamma ac-
tivity as oscillatory markers of bradykinesia.
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Our results propose that complex cortical-subcortical models are
necessary to administer the voluntary movements in PD patients during
deep brain stimulation. The cortical inputs did not significantly predict
the outcome variables in all four significant models that we found, only
if cortical and subcortical input was combined. This led us to the
assumption that the slope of activity (dynamic changes over the four
stimulation conditions) in specific cortical-subcortical loops predicts the
slope of the kinematic variables. Other studies also support the hy-
pothesis. It was shown earlier that speed-accuracy adjustments of finger
tapping are controlled by two distinct subloop between STN and the
frontal cortex in PD patients similarly that we present in the first model
(Herz et al., 2017). In all the other three models, we were able to predict
the amplitude of the movement from mediator sub-cortical loop activ-
ities, which has been shown in several STN and motor cortex recordings
in the beta frequency range (Androulidakis et al., 2008; Khawaldeh
et al., 2021; Kondylis et al., 2016). And, force of hand-grasping related
to low beta frequency in the sensorimotor cortices on scalp EEG re-
cordings (Darch et al., 2020; Zaepffel et al., 2013).

4.2. Beta and gamma sub-bands in the motor system

Based on previous research, we opted to investigate beta (Wang
et al., 2018; Oswal et al., 2016; Lofredi et al., 2019) and gamma sub-
bands (Cao et al., 2017), given that their function is likely to be
different in the basal ganglia-thalamo-cortical system. The reactivity of
the low beta band to levodopa (Litvak et al., 2011) and DBS (Oswal
et al., 2016) in the STN correlated with the clinical improvement, while
high beta band activity was shown to be dominant in the cortico-
subthalamic connectivity (Oswal et al., 2016; Litvak et al., 2011). The
appearance of low frequency beta bursts in the STN worsened movement
performance (Lofredi et al., 2019). In our study, symptom-predicting
beta activity appeared in both low and high band in the M1-PMC-STN
circuit, while the M1-SMA-STN circuit drove on the low beta frequency.

We analyzed gamma activation in the 31-100 Hz range in two sub-
bands; as the higher range encompassed the 60-90 Hz narrow-band
gamma activity, which was identified in the M1-STN interaction (Lit-
vak et al.,, 2012) and may have symptom-specificity (Swann et al.,
2016). High frequency gamma activity in the PMC-DLPFC-CER network
was predictive for movement speed in our study, this network activity
was also captured in different hand movements in healthy subjects
(Tamas et al., 2018). The role of cerebellum has also been raised in the
development of bradykinesia through motor feedback processing due to
its connections with the basal ganglia and the sensorimotor cortex areas
(Bologna et al., 2020).

In our study, movement action did not affect low and high frequency
beta and gamma power compared to the resting state. Several studies
measuring STN-LFP and simultaneously cortical activity in the periop-
erative state have reported that gamma band power increases during
movements compared to resting state in the STN (Florin et al., 2013),
and on the cortical level (Rowland et al., 2015). However, high, and low
frequency gamma activity was lower in the resting state than during
movement only in the STN in our study, similarly to an EEG and STN-
LFP study, in which movement significantly enhanced gamma activity
in the STN, SMA but not in the M1. Our results from chronically stim-
ulation patients suggest that STN-DBS, similar to dopamine (Lofredi
et al., 2018), increases low and high-frequency gamma activity, which
facilitates but does not encode movement processes (Muthukumar-
aswamy, 2010) in the contralateral hemisphere. de Hemptinne et al.
(2015) examined cortical gamma activity gamma during rest and a
movement task before, during, and after activated STN-DBS. They show
higher broadband gamma (50-200 Hz) activity during movement than
in rest, not affected by the activated STN-DBS. However, they examined
patients after the lead insertion and could not exclude the modifying
effect of propofol, and they had not tested the stimulation site and pa-
rameters before screening. Thus, further studies are needed to explore
this effect of STN-DBS. Similarly, we did not experience movement-
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related beta desynchronization in different stimulation conditions even
in STIM OFF in our study. Beta power decrease was measured earlier on
the cortical level in Parkinson’s disease (Rowland et al., 2015; Meziane
et al., 2015), although it is diminished compared to the power changes
in controls (Heinrichs-Graham et al., 2014). An LFP recording found
movement-related beta desynchronization in the STN (Litvak et al.,
2012), but another study observed an excessive beta activity not react-
ing to movement execution (Florin et al., 2013). Thus, impaired beta
power decrease during movement may be a sign of diminished move-
ment capacity in PD (Heinrichs-Graham et al., 2014).

10

4.3. Cortical effect of STN stimulation in the two hemispheres

STN-DBS decreased low and high frequency beta power in the
assessed network nodes while increased gamma power in the hemi-
sphere on the same side and the cerebellum on the other side. Previous
investigations reported similar DBS effects. DBS evoked a decrease in
beta power in the STN while Parkinson’s disease patients performed a
pronation-supination task (Kiihn et al., 2008), and also in the central
cortical region in a resting state (Whitmer et al., 2012) and during upper
limb movement (Abbasi et al., 2018; Luoma et al., 2018). An increase in
the frontal gamma (55-65 Hz) band activity during STN-DBS also
correlated with  remission of motor symptoms in a
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magnetoencephalography study (Cao et al., 2017).

We found that STN-DBS strictly affected the hemisphere on the same
side and the cerebellum on the other side while the contralateral STN
was continuously stimulated, presuming its decisive action in the ipsi-
lateral functional network. Unilateral STN-DBS was shown to attenuate
beta power over the bilateral sensorimotor, secondary sensory, pre-
motor areas, and the supplementary motor cortex, but was more pro-
nounced on the ipsilateral side (Abbasi et al., 2018). This observation is
in accordance with clinical findings that STN-DBS exerts effects on
bilateral body parts but with strong contralateral preponderance
(Slowinski et al., 2007). Anatomical data confirmed that the cortico-
subthalamic fibers also project exclusively to the ipsilateral STN
(Romanelli et al., 2005). Our results align with the observations that
gamma activity occurs contralateral to the movement (Alegre et al.,
2005; Crone et al., 1998). The more extensive low and high-frequency
gamma activity contralateral compared to the ipsilateral side even in
rest may imply that patients turned their attention to their examined
hand (Wostmann et al., 2018), and motor imagery might evoke an in-
crease in the activity (Fischer et al., 2017; Miller et al., 2010). Higher
gamma power in the hemisphere contralateral to the movement could
also be a result of a more pronounced compensatory mechanism in the
more affected than the less affected motor network (Rowland et al.,
2015; Hemptinne et al., 2019) as we examined the more affected hand
and the related motor network.

4.4. Beta and gamma power in different tasks

The three different tasks evoked different changes in subnetwork
activities. Especially, the underlying activity of hand grasping differed
from that of finger tapping or pronation-supination. During hand
grasping, low frequency beta activity in M1, DLPFC, and the CER did not
change with increasing stimulation. However, high beta activity fell
significantly with higher stimulation amplitude in all locations. In the
SMA, low beta and high gamma activity were continuously low during
hand grasping irrespective of increasing stimulation intensity, similarly
to low beta activity in the SMA. The anatomical organization can explain
the difference between observation in hand grasping and finger tapping.

It was already observed that finger tapping as the most distal hand
movement reacts equally to contralateral and bilateral stimulation.
Hand grasping or pronation supination needs bilateral stimulation for
better improvement (Tamas et al., 2016). Finger tapping is directed by
exclusively ipsilateral cortico-subthalamic pathways, on which the
stimulation acts antidromically (Inase et al., 1999). More proximal
muscles are innervated from the bilateral motor cortex areas, mainly the
PM and the SMA (Alexander et al., 1986; Montgomery et al., 2013).
However, we cannot exclude that fatigue effect influenced the mea-
surements during hand grasping, while we did not randomize the order
of hand movements. Patients performed finger tapping first, then pro-
nation supination, and finally, hand grasping. However, our results
confirm that during finger tapping movement, beta activity decreases,
and gamma increases in all locations.

4.5. STN-DBS improves the speed and amplitude of the movement

The Kinesia scores we computed from the speed, amplitude and
rhythm have the advantage over the more often used clinical scales that
movement parameters are equally weighted as opposed to the obser-
vation that speed is less noticed by clinical raters than amplitude and
rhythm (Heldman et al., 2011). These parameters also have different
reactivity to levodopa and DBS therapy. Speed improves predominantly
after levodopa treatment (Espay et al., 2011). Speed and amplitude
improved the most with increasing contralateral stimulation intensity in
our study; the rhythm was the least affected. Decrement of speed and
amplitude was not influenced by stimulation similarly to our previous
results (Tamas et al., 2016); it also did not improve after a levodopa
challenge test (Espay et al., 2011). The accuracy of our results is
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enhanced by using Kinesia scores; this method can capture even subtle
changes in bradykinesia in response to small adjustment of DBS (Pulliam
et al., 2015).

4.6. Methodological considerations and limitations

DICS is a powerful technique of electrical source imaging that in-
vestigates neuronal interactions by imaging power estimates of oscilla-
tory brain activity (Gross et al., 2001). DICS can characterize networks
associated with different types of tremor and voluntary motor control
(Gross et al., 2001; Gross et al., 2002; Timmermann et al., 2003). It is
noteworthy that not only cortical sources but also sources in deep
structures such as in the diencephalon (e.g., the thalamus) and the
cerebellum were detected using DICS (Gross et al., 2001; Gross et al.,
2002; Timmermann et al., 2003; Schnitzler et al., 2009; Siidmeyer et al.,
2006). In this study, we reveal brain sources in subcortical regions such
as the STN and cerebellum. It has been a matter of debate for many years
whether it is possible to find subcortical sources based on recordings on
the scalp. In previous MEG (Siidmeyer et al., 2006) and EEG
(Muthuraman et al., 2012) studies on patients, as well as in an EEG study
on healthy subjects (Tamas et al., 2018); subcortical sources have been
detected by applying DICS to oscillatory signals. However, the inter-
pretation of the results on the sub-cortical sources needs to be assessed
carefully.

It has been generally assumed that only cortical sources of at least
6.25 cm? might be registered using the scalp EEG (Hara et al., 1999).
Intracranial recordings suggest that spikes arising from deeper struc-
tures such as the mesial temporal lobe might only be detected by the
scalp EEG when averaged (Merlet et al., 1998). However, DICS differs
from the techniques in the mentioned studies in several ways. Dipolar
and distributed source modelling aims to localize sources of electric
currents in the brain that give rise to potential fields at the scalp.
However, the DICS analysis does not try to explain the signal recorded
on the scalp EEG by single sources but looks for sources that are coherent
to a given reference signal. Since only a specific frequency range of in-
terest is analyzed, this method can detect even small oscillatory activity
in this frequency range. There are different types of support showing
that DICS is also sensitive to deep sources. It is known that over-
regularization may lead to “ghost sources” in the middle of the brain.
However, in all our analyses, we used the same moderate value for
regularization, which has been shown to yield adequate results (Kujala
et al., 2008). When DICS was applied to simulated distributed large
sources restricted to the cortex, no artificially located midline sub-
cortical sources were detected. This result underlines the fact that the
coherence is restricted to the sources revealed by DICS. In addition, even
sources of weak physiological oscillatory activity have been detected in
the thalamus using a similar source analysis approach on MEG data
(Cantero et al., 2009). The general dogma that surface recordings cannot
identify deep subcortical sources has been questioned (Kimura et al.,
2008).

Furthermore, our previous work identified STN and cerebellum ac-
tivity during finger tapping using the same method and 64-channel EEG
system (Muthuraman et al., 2014). Based on these results, we used the
finger tapping EMG signal as the reference signal in the present study to
identify stable cortical and sub-cortical sources.

Another question may arise, how the results are affected by the
artifact of the DBS stimulation. If the endogenous beta and gamma
frequency were narrowband and uniformly a subharmonic of the stim-
ulation frequency, the clusters would be specifically at frequencies of 65
Hz (effective stimulation at 130 Hz). However, our results showed that
the power in the plots was not so precisely tuned (Supplementary Fig. 2;
especially in SMA, STN, and Cerebellum). This might relate to inter-
individual differences in the peak frequencies of endogenous gamma
activity, whereby an endogenous oscillation that is not at a precise
subharmonic of the stimulation frequency may still be close enough to
this subharmonic frequency be subject to resonance, and its amplitude
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would increase during stimulation. Its probability depends on the fre-
quency difference between the endogenous gamma and the stimulation
harmonic activity and upon the degree of damping in the endogenous
gamma oscillation according to the severity of the symptoms. The higher
the damping, the less will be the shifting frequency of the endogenous
gamma towards the subharmonic of stimulation, the smaller the in-
crease in amplitude due to the driving frequency.

The damping of the endogenous oscillation is a key factor in dictating
the behavior of the oscillation when forced by a driving frequency, in
this case, the DBS and its’ subharmonic. Hence it may be important to
note that stimulation was performed in the OFF-medication state in our
paradigm when endogenous gamma is not so highly tuned and is
attenuated, consistent with damping of the oscillation. In addition, the
power differences are not specific for each task and resting state over the
frequency bands, so we cannot rule out that pure artifact of the DBS
stimulation influenced the results.

5. Conclusions

Our results confirmed that changes in the beta and gamma activity of
different subnetworks predict bradykinesia, in which the M1 and PMC
are common nodes. Adaptive deep brain stimulation is a new direction
in the development of DBS. Our results denote that both cortical and
subcortical sensor placements would be beneficial in capturing brady-
kinesia reliably and that multiple frequency sub-bands should be par-
allel detected, as they are specific for different subnetworks.
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