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Deep brain stimulation for Parkinson’s disease induces
spontaneous cortical hypersynchrony in extended motor
and cognitive networks

Maxwell B Wang (5)124>.6* Matthew ] Boring®*°, Michael ] Ward®, R Mark Richardson ()°7-8, Avniel Singh Ghuman?®3%>
1Program of Neural Computation, Carnegie Mellon University, Pittsburgh, PA 15213, USA,

2Medical Scientist Training Program, University of Pittsburgh and Carnegie Mellon University, Pittsburgh, PA 15213, USA,

3Center for Neuroscience at the University of Pittsburgh, Pittsburgh, PA 15213, USA,

4Center for the Neural Basis of Cognition, University of Pittsburgh and Carnegie Mellon University, Pittsburgh, PA 15213, USA,

SDepartment of Neurological Surgery, University of Pittsburgh, Pittsburgh, PA 15213, USA,

6Machine Learning Department, Carnegie Mellon University, Pittsburgh, PA 15213, USA,

’Department of Neurosurgery, Massachusetts General Hospital, Boston, MA 02114, USA,

8Harvard Medical School, Boston, MA 02115, USA

*Address correspondence to Maxwell B Wang, BS, Medical Scientist Training Program, University of Pittsburgh School of Medicine, Program of Neural Computation,
Carnegie Mellon University, Pittsburgh, PA 15213. Tel: 815-200-9533; Email: mbwang@cmu.edu

The mechanism of action of deep brain stimulation (DBS) to the basal ganglia for Parkinson’s disease remains unclear. Studies have
shown that DBS decreases pathological beta hypersynchrony between the basal ganglia and motor cortex. However, little is known
about DBS’s effects on long range corticocortical synchronization. Here, we use machine learning combined with graph theory to
compare resting-state cortical connectivity between the off and on-stimulation states and to healthy controls. We found that turning
DBS on increased high beta and gamma band synchrony (26 to 50 Hz) in a cortical circuit spanning the motor, occipitoparietal, middle
temporal, and prefrontal cortices. The synchrony in this network was greater in DBS on relative to both DBS off and controls, with no
significant difference between DBS off and controls. Turning DBS on also increased network efficiency and strength and subnetwork
modularity relative to both DBS off and controls in the beta and gamma band. Thus, unlike DBS’s subcortical normalization of
pathological basal ganglia activity, it introduces greater synchrony relative to healthy controls in cortical circuitry that includes both
motor and non-motor systems. This increased high beta/gamma synchronization may reflect compensatory mechanisms related to

DBS’s clinical benefits, as well as undesirable non-motor side effects.
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Introduction

Parkinson’s disease is a movement and cognitive disorder
characterized by the progressive degeneration of nigros-
triatal dopaminergic neurons. While traditionally treated
with dopaminergic medications, when pharmaceuticals
no longer provide consistent efficacy or lead to severe
dyskinesias, high frequency deep brain stimulation (DBS)
of the sensorimotor territory of the subthalamic nucleus
(STN) or internal globus pallidus (GPi) has been estab-
lished as the most effective means of managing the
symptoms of Parkinson'’s disease (Limousin et al. 1995;
Deuschl et al. 2006; Benabid et al. 2009; Schuepbach et al.
2013). The therapeutic mechanism of action, however,
is still elusive and poorly understood, in part due to
the difficulty of conducting neuroimaging studies in the
presence of DBS stimulator hardware, due to artifacts
and potential safety concerns with fMRI (Alhourani et al.
2015; Boring et al. 2019; Litvak et al. 2020). This lim-
ited knowledge has become a barrier to improving the
efficacy of DBS while minimizing side effects (Alhourani
et al. 2015).

Numerous studies have implicated overactive oscil-
latory synchrony within the basal ganglia, particularly
within the beta band (13-30 Hz), as an important
pathological feature of untreated Parkinson’s disease
(Brown et al. 2001; Kithn et al. 2006; Hammond et al. 2007;
Alhourani et al. 2020). Studies examining interregional
interactions using both fMRI and intraoperative record-
ings have demonstrated abnormal basal ganglia-motor
functional connectivity in Parkinson’s disease (Baudrexel
et al. 2011; De Hemptinne et al. 2013; Shimamoto et al.
2013). Network analyses have shown that brain networks
become less organized and less topologically efficient
as Parkinson’s disease progresses (Olde Dubbelink et al.
2013). Beta band hypersynchrony has also been observed
in essential tremor, indicating its importance across
other movement disorders (Kondylis et al. 2016; Lipski
et al. 2017).

Studies comparing neural response when DBS is on
to when DBS is off are critical to relate this hypersyn-
chrony to DBS’s downstream neural effects and thera-
peutic benefits. Effective stimulation has been shown to
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decrease beta band hypersynchrony in the basal gan-
glia, particularly within the high beta band region (21-
30 Hz) (Bronte-Stewart et al. 2009; Eusebio et al. 2011).
De Hemptinne et al. (2015) used electrocorticography
recordings in patients with Parkinson’s disease to show
that STN DBS reduces beta phase-amplitude coupling in
the primary motor cortex, in conjunction with reducing
motor symptoms. Oswal et al. (2016) used magnetoen-
cephalography in conjunction with STN recordings 3-
6 days after surgery, while DBS leads were still external-
ized, to demonstrate that acutely after surgery STN DBS
modulates connectivity between the basal ganglia and
mesial premotor regions in the high beta band range.

How do these results generalize to outside the basal
ganglia and motor cortex? W. Chen et al. (2020) used
invasive electrophysiology to show that stimulation of
the STN could identify a monosynaptic connection with
the prefrontal lobe that was associated with stopping-
related activity. A meta-analytic study of fMRI and PET
studies in Manes et al. (2014) showed that both the STN
and GPi were coactivated with the inferior frontal gyrus.

A critical question for understanding the mechanism
of DBS is how does long range cortical to cortical syn-
chronization differ when stimulation is turned on and
do these changes normalize prior Parkinson’s-related
abnormalities or introduce new circuit dynamics? We
investigated how DBS influences functional connectivity
across cortical regions not accessible intraoperatively
during DBS surgery, utilizing MEG, machine learning,
and graph theory analyses. We hypothesized that DBS
increases cortical connectivity, similar to dopaminergic
replacement therapy (Stoffers et al. 2008).

To test this hypothesis, we compared resting-state,
whole cortex functional connectivity using MEG in the
absence of DBS stimulation (DBS-off) with recordings
obtained during clinically effective high frequency stim-
ulation (DBS-on). After artifact removal, we used data-
driven analyses, multivariate machine learning methods,
and spectral graph theory approaches to assess network
and subnetwork level differences between DBS-on and
DBS-off across all frequencies and between all pairs of
brain regions (e.g. not restricted to somatomotor net-
works) in an unbiased manner (Boring et al. 2019). In
addition, we compared these results using the same
methods to age matched healthy control subjects to
assess whether differences in functional connectivity in
the DBS-off condition compared to DBS-on represented
a normalization of functional connectivity. These data
driven methods have the disadvantage of being rela-
tively less sensitive to small differences between condi-
tions and groups, but have the advantage of casting a
wide net to catch large effects in a statistically rigorous
and unbiased manner that can seed additional future
hypothesis testing. Our results suggest that turning DBS
on increases high beta and gamma band synchrony (26
to 50 Hz) across a broad cortical circuit thatincludes both
motor and non-motor systems. Furthermore, functional
connectivity patterns in the DBS-off condition is more
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similar to age matched controls compared to the DBS-on
condition, suggesting that rather than normalization, the
increased beta and gamma band synchrony is a result of
non-normalizing functional connectivity induced by DBS
stimulation.

Methods
Subjects

DBS subjects were eleven patients with bilateral DBS
implants for the treatment of Parkinson'’s disease, all
of whom gave informed consent to participate under
STUDY19030378 approved by the University of Pittsburgh
Institutional Review Board. Demographic and stimula-
tion information are presented in Table 1. All subjects
had implants in either the subthalamic nucleus (STN)
or globus pallidus internus (GPi). Stimulation parameters
are bilateral unless denoted with left (L) and right (R) des-
ignations. MDS-Unified Parkinson’s Disease Rating Scale
(UPDRS) are shown for the on and off medication condi-
tions pre-operatively and while on DBS post-operatively.
All subjects were chosen based on clinician and self
report to have strong clinical response to stimulation
(e.g. based on their charts and self-report, substantial
improvement in clinical symptoms were seen when DBS
was turned on), but only three had clinical response
quantified using continuous and quantitative measures
(UPDRS).

34 healthy controls were selected from a larger pop-
ulation on the basis of age and gender matching. All
participants gave informed consent to participate under
protocols approved by the University of Pittsburgh Insti-
tutional Review Board under STUDY19100015. Healthy
controls did not differ in average age (67.8 years with
a standard deviation of 5.6 years) compared to the DBS
group (66.5=+6.3 years, P=0.35). Controls had 21 males,
13 females compared to the 9 males, 2 females in the DBS
group (P=0.22).

Data Collection and Preprocessing

Data was collected from 204 gradiometers and 102 mag-
netometers arranged in orthogonal triplets on an Elekta
Neuromag Vectorview MEG system (Elekta Oy, Helsinki,
Finland). Data were sampled at 1000 Hz. Electroocu-
logram and electrocardiogram were concurrently mea-
sured to be corrected for during off-line analysis. Head
position indicators were used to continuously monitor
head position during MEG data acquisition. Signal-space
projection (SSP) was performed on MEG data that was
subsequently band-pass filtered from 1-70 Hz, notch
filtered at 59-61 Hz, down-sampled to 250 Hz via MNE
C scripts, then processed via temporal signal-space sep-
aration (tSSS) using a previously validated preprocessing
pipeline that cleanses DBS artifacts across DBS-on and
DBS-off conditions (Boring et al. 2019). Signal to noise
ratio for the inverse calculation was set at nine per
Hincapié et al. (2016) demonstrating that higher ratios
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. yielded more accurate detection of changes in connec-
6 tivity.
9 5 Five minutes of resting-state data was collected when
g3 < W4 < . o< = < < < < o the DBS implant was turned on. The implant was then
=~ 2 < &2 < =2 = 2 = & & « turned off for a half hour, after which another five min-
utes of resting-state data was collected while the DBS
S g N N S a4 on o " was still off. Resting-state was collected while subjects
5 o= Z -z S o o e e had their eyes open and fixated on a centrally presented
3 z 6 8 &8 &8 & 8 & 5 & 6 ve mi
£ 8 2 T 22 < 222 cross. Five minutes of empty room data was also col-
4 o Z o o = Z o o & ¥ % lected. Resting-state data for the controls were collected
e ol o ol v R o B o o B vl o B o R v ; ; ;
o 8 86 & 8 6 &6 8 &8 &6 & o using an identical protocol.
E Connectivity Analysis
5 i Spontaneous phase locking measures the variability over
R 0 0 o 0 o X X X time of the phase difference between every pairwise cor-
tical location (Lachaux et al. 1999). We calculated phase-
2 locking values (PLVs) from 1-60 Hz and corrected them
£ E using empty room noise as described in Ghuman et al.
g E . . . (2011). This yielded a 5124 (number of cortical dipoles)
=N L 8 £ £ 3 & B £ %8 E & x 5124 (number of cortical dipoles) adjacency matrix
E E § S ; S 3 g ;E é ; S z of pairwise phase locking values between eac.h.cortlcal
dipole relative to empty room for each participant at
- each frequency. To make the data comparable across par-
\;5 o ticipants in terms of differential coupling values across
g bl frequency bands, we normalized the PLVs with regards
% % to frequency (Schlee et al. 2009). For each participant,
;;j 2 g g g 3_,3 2 g3 28 g8 9 we took the distribution of PLVs over all frequencies and
calculated their cumulative distribution function and
= E § then scaled all phase locking values to this distribution.
£ = 5 Phase locking values were computed in MATLAB using
5 3 3 in-house analyses.
3 S S5 35385 5855 %3
Frequency Band Selection
L o 0 0 N N N ®© oo o N To identify a frequency band that displayed significantly
% é % é % % % é é é % % different connectivity between deep brain stimulation on
& 2 ¥ % 9 @ 9 o o~ oo oo and off, we utilized nonparametric cluster level statistics
G o o 9 89 9 o o S o S ga (Maris and Oostenveld 2007). First, we averaged the PLV
across all pairs of dipoles resulting in a 60 (frequency) x
=) 1 vector of the “global connectivity” of a subject’s entire
% brain network at a given frequency. A paired t-test was
o calculated at each frequency between DBS on and off
umg & 8 &8 8 8 8 8 8 8 & 8 and all frequency points with a p-value below 0.05 (not
corrected for multiple comparisons as this occurs at the
g later clustering step) were clustered by frequency adja-
g T cency. We then utilized cluster and permutation statistics
S 5 B 5 5 6 8 &5 L& 6 L to find frequency bands that were significantly perturbed
by DBS, which is shown in Fig. 2 (Maris and Oostenveld
2 2007). The connectivity matrices for each subject were
i then averaged over significant frequency bands to gener-
é’ ate a 5124 (cortical dipoles) x 5124 adjacency matrix for
& v & & e o a4 o % w4 each subject. We repeated this protocol except compar-
ing DBS off with health controls. We also repeated this
3 LS .0 S s S s s s s protocol while separating the STN and GPi groups.
& 8 R ¥ R B LB U ¥ A Laplacian Dimensionality Reduction
To identify connections in the cortex that significantly
e 5 8 8 3 8 0 8 65 8 0 3 differed between when deep brain stimulation was on

Table 1. Patient demographic and stimulation information



and off, we needed to dramatically reduce the dimen-
sionality of the dataset (a single subject’s connectivity
matrix contains 5124 dipoles x 5124 dipoles or 26 million
features). First we averaged each of the 5124 cortical
dipoles across the 360 regions defined in the Human
Connectome Project (HCP) atlas (Glasser et al. 2016),
resulting in a 360 x 360 matrix or 130000 features.

To reduce the dimensionality one step further, we aver-
aged groups of connections in the brain according to their
Laplacian eigenmap, a low dimensional representation
of a network that takes weighted averages of different
connections to capture which network nodes are closely
linked together (Belkin and Niyogi 2003; C. Chen et al.
2010; Gerber et al. 2007). Each eigenvector that makes
up the eigenmap captures how closely connected brain
regions are along one spatial dimension of the network
with multiple eigenvectors allowing a user to recon-
struct the distance between all nodes of the network with
high fidelity (Saerens et al. 2004). This method has seen
increasing useage in human connectome analysis (Raj
et al. 2012; Abdelnour et al. 2014; Wang et al. 2017).

Defining Ajofr to be the connectivity matrix for i-
th patient when the DBS electrode is off. Djog is the
corresponding degree matrix that is zero everywhere
except along its diagonal where the j-th diagonal element
of Dj off is the sum of the j-th brain region’s connectivity
to the rest of the brain. The network Laplacian of the
network can then be defined as Lj off = D off — Ai off. FTOM
this we can define an average Laplacian matrix for when
the electrode is turned off as Lz = % ZIHV:an,off where
N is the number of subjects. The eigendecomposition of
this network would then be LWUJOT = )Jof U)ﬁ for the
j-th eigenvector. We can then measure the deviation of
a network’s projection along a given eigenvector when
DBS is turned on as defined in Equation 1 where A)\}i,on
represents the proportional change in the strength of the
i-th subject’s network when DBS is turned on along the
j-th eigenvector of the averaged resting-state Laplacian.

_ (Li onuL) U
3 ff ff
8, = ot (1)
)\off

Now, we've calculated the projection of each subject’s
connectivity matrix along all 360 eigenvectors of the
averaged DBS off Laplacian matrix, generating two 360
x 1 feature vectors for each patient: one when DBS
was turned on, the other when DBS was turned off.
This process is summarized in Fig. 1. Code performing
this analysis is available on GitHub (https://github.com/
MNobodyWang/NetworkEmbedding).

Deep Brain Stimulation On vs Off Classification
Algorithm

Our next goal was to identify which particular group of
cortical connections were activated by deep brain stimu-
lation. We determined the reliability and significance of
our identified ensemble using cross-validation (Browne
2000).
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More specifically, we utilized a support vector machine
tested within a leave-one-out cross-validation architec-
ture. The goal was to present the algorithm with two
connectivity profiles, one when the DBS was turned on
and the other when it was turned off and have it classify
which was which. We accomplished this by formulating
two training examples for each subject: one where the
360 x 1 feature vector when DBS was turned on was
subtracted from the feature vector when DBS was turned
off and the other example the same in reverse. For the
algorithm to correctly identify which pair was which,
it would have to pick eigenvector components that dis-
played a large consistent difference between DBS on and
off, which is shown in Fig. 3. During cross-validation, both
examples associated with the same subject were always
placed in the same training fold (e.g. full out-of-sample
cross-validation).

The actual algorithm itself consisted of a support vec-
tor machine with bootstrapping and random subspace
method with parametrization taken from Breiman'’s
random forest algorithm (Breiman 2001). To ensure the
generalizability of our results, all analyses (frequency
band selection, network Laplacian dimensionality reduc-
tion, and the classification algorithm training) were
performed within a leave-one-out cross-validation
training fold. Support vector machine was implemented
via python’s sklearn library. To assess the significance of
our classifier, we used permutation testing (flipping the
labels between DBS ON and OFF 2000 times) to establish
a null distribution of classification accuracy.

To identify the connections that were associated with
turning on DBS, we took the eigenvectors that the support
vector machine identified and determined which neu-
ral connections were most linked to those eigenvectors.
More specifically, defining the SVM's weight for eigenvec-
toriass;, the change in overall connectivity, AA, is shown
in Equation 2.

360

AA == vl s, (Uiﬁ)T 2)
i=1

We repeated this process again for classification
between DBS off and healthy controls and off against
healthy controls. For this, we utilized weighted label
importance to ensure an even prior for both label classes.
The network embedding for both these cases were
created using the controls.

Identification of Stimulated and Suppressed
Communities

We sought to understand whether the changing con-
nections due to DBS self-organized into a specific cir-
cuit (sub-network). We utilized the protocol described in
(Lancichinetti et al. 2010). More specifically, we clustered
the change adjacency matrix calculated in Equation 2
according to the Arenas, Fernandez and Gémez commu-
nity detection model (Arenas et al. 2008). The number of
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Fig. 1. Summary of the spectral dimensionality reduction process that compresses each subject’s cortical network to its strength across several spectral
dimensions. First we group MEG dipoles according to the HCP atlas and average cortical to cortical connectivity matrices by atlas region. Then we average
all of the DBS off connectivity matrices together and calculate its Laplacian transform and eigendecomposition to generate several eigenvectors that
describe a low dimensional spectral embedding of the network. This embedding is applied to both the on and off connectivity matrices which we then
separate using a linear classifier whose accuracy is assessed using leave-one-out cross validation and permutation testing (which is started before the
creation of the embedding). The spectral dimensions that were useful in separating DBS on and off are then projected back into the original network
space and used to identify sub-networks that DBS appears to be perturbing that various graph theory metrics can be tested upon.

clusters was determined according to Newman’s mod-
ularity (Newman 2006). Each cluster was then assigned
a C-score which detailed how strong the change in con-
nectivity within that sub-network was relative to how
strong it would be if the clusters were chosen randomly.
The supposition is that a sub-network is considered more
significant if connections within it were changing greatly
relative to the rest of the network (Lancichinetti et al.
2010).

To generate a null distribution of C-scores, we gener-
ated a hundred thousand random undirected, weighted
graphs that preserved the edge density distribution of the
change adjacency matrix calculated in Equation 2. We
repeated the clustering analyses on these random graphs
and selected the highest C-score of the resulting clusters
to form our null distribution. For a cluster to be consid-
ered statistically significant, its C-score would have to be
within the top five percent of this null distribution, which
is shown in Fig. 3.

We also repeated this process on the original resting
DBS-off/on and control networks to see whether the
identified DBS-activated sub-network was activated sig-
nificantly prior to DBS and in healthy controls and was
simply strengthened by DBS. The permutation process
was repeated for each DBS/control group.

We also looked at several traditional graph theoretic
metrics within the entire cortical network and the iden-
tified significant sub-networks. More specifically, we uti-
lized the metrics outlined in Rubinov and Sporns (2010)
that were applicable to this situation: assortativity, global
efficiency, transitivity, modularity, and global clustering.
We calculated these metrics on the original adjacency
matrix for each subject both for when DBS was turned
on and off utilized paired t-tests to establish statistical
significance. Modularity was computed on the optimal
sub-network structure found using AFG as described
before on each individual’s brain network. We also did
two sample t-test comparisons with the healthy controls.
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Fig. 2. A) Spectral signature of global synchrony when deep brain stimulation is turned on and off. Average phase locking between every pair of cortical
points with respect to frequency. Significantly increased beta and gamma band synchrony (26-50 Hz) was seen during DBS-on. Error bars indicate paired
t-test 95% confidence intervals. B) The spectral signature of healthy controls does not show major deviations compared to the deep brain stimulation

off condition. Error bars indicate two sample t-test confidence intervals.

These metrics were calculated in MATLAB using the Brain
Connectivity toolbox and are shown in Fig. 4 (Rubinov
and Sporns 2010).

Results
Global Cortical Connectivity Difference

Connectedness at a cortical location was defined as the
average phase locking between that location and every
point on the cortex. We averaged the phase locking at
each frequency to find what frequency bands showed a
connectedness difference between the DBS-on and DBS-
off conditions, as well as between those conditions and
controls (Gotts et al. 2012; Ghuman et al. 2017; Gotts
et al. 2019). A significant difference between DBS-on
and DBS-off was seen in the high beta/gamma band
region from 26 to 50 Hz as shown in Fig. 2A (DBS-on
greater than DBS-off, P < 0.05, cluster-level correction for
multiple frequency comparisons). In contrast, DBS-off
did not show significant global differences compared to
age-matched controls in any frequency band, suggesting
that the increased synchrony observed in DBS-on did
not reflect normalization of abnormal functional con-
nectivity. When STN and GPi stimulation groups were
separated, no significant difference in any frequency
band was detected; a larger sample may be required
to determine whether there are more subtle differences
between STN and GPi stimulation than can be detected
in the present study. To check for confounds, we tested
correlation between the average cortical synchrony to
age and time after programming and found no significant
correlations.

High Beta/Gamma Band Networks

All-to-all connectivity networks averaged across the high
beta/gamma band (26-50 Hz) were computed for each
subject for both DBS on and off. To identify a weighted
group of connections whose average was consistently
changing when DBS was turned on, we used a graph
theory-based dimensionality reduction approach and a
support vector machine whose reliability and signifi-
cance was assessed via cross-validation. We found that
we could identify a pattern of connectivity differences
that accurately separated DBS on and off in nine of the
eleven subjects (82% leave-one-subject-out cross vali-
dated accuracy, P=0.0053 via permutation testing). Both
of the GPi implanted patients were correctly classified,
reinforcing that using this relatively broad data-driven
analysis, GPi and STN stimulation show similar effects.
The largest increases in connectedness occurred in the
motor cortex bilaterally, frontal cortex, occipitoparietal
lobe, and the right middle temporal gyrus as shown in
Fig. 3A.

To quantify the relative similarity of DBS-on, DBS-off,
and controls, we first used pattern classification to train
a model to discriminate the connectivity patterns from
the DBS-on and DBS-off conditions and used that model
to classify the controls. The resting state connectivity
patterns of nearly all controls get classified as being more
similar to the DBS-off condition than the DBS-on con-
dition (28/34). Similarly, we trained a model to discrim-
inate the DBS-on connectivity pattern from the control
connectivity patterns and used that model to classify the
DBS-off data, which classified all but one of the DBS-off
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Fig. 3. Map of high beta/gamma band connectedness. A) Ensemble of connections that were significantly synchronized by deep brain stimulation (DBS)
(P=0.005 permutation testing). Brighter areas indicate larger increases in connectivity with the rest of the cortex when DBS was turned on. B) The
connectivity changes from the top figure that forms an inter-connected circuit. A community detection model was used to identify sub-networks whose
connectivity within themselves were significantly different across the DBS on and DBS off conditions. Permutation testing revealed one such network,
shown here. C) Cluster score of the identified sub-network in the DBS on/off conditions and in healthy controls. The connectivity strength within
the sub-network shown in the bottom-left was compared to strength of equal-sized randomly selected sub-networks to assess whether the identified
circuit was significantly activated relative to the rest of the cortex. The red line shows the false detection threshold (¢ =0.05). The results indicate that
discovered circuit’s activation was not significantly distinguishable from the rest of the cortex in healthy controls and when DBS was turned off but
was significantly stronger than background when DBS was turned on (P=0.048).

patterns as controls (10/11). A classifier discriminating
between controls and DBS-off had a 48% accuracy rate
at discriminating between these two classes as tested
via leave-one-out cross-validation. These results show
that the connectivity patterns from the DBS-off condition
were more like the patterns in controls than in the DBS-
on condition.

Identification of Stimulated Subnetworks

In order to identify interconnected neurological circuits
that were being activated by deep brain stimulation (sub-
networks perturbed by DBS), we utilized the Arenas, Fer-
nandez, and Gémez (AFG) community detection model.
Using permutation testing, the full cortical connectivity

changes shown in Fig. 3A were clustered into distinct
sub-networks (Arenas et al. 2008). Permutation testing
revealed one sub-network that passed statistical signifi-
cance according to the AFG community detection model,
which isillustrated in Fig. 3B. This sub-network consisted
of four major areas of the cortex: the middle/inferior
temporal, occipitoparietal, motor, and the prefrontal cor-
tices.

Figure 3C shows the cluster score for this circuit when
DBS is on and off as well as in the healthy controls.
Cluster score indicates how well a given sub-network
is interconnected within itself relative to rest of the
network using a permutation-generated null distribution
illustrated by the red line. The circuit illustrated in Fig. 3B



only emerges as statistically significant when DBS is
turned on and is not significant in controls and the DBS
off-condition.

Graph Metrics

Figure 4 (left) illustrates the results of calculating several
graph theoretic measures over the found networks and
testing to see if the metric changed when DBS was turned
on or off using paired t-tests. In Fig. 4 (middle/right), we
also compared DBS on and off to healthy controls using
two sampled t-tests. Global efficiency increased when
DBS was turned on, especially within the subnetwork
independently identified by the AFG algorithm, indicat-
ing that the strongest, most reliable increases in connec-
tivity occurred within that sub-network. The clustering
coefficient of the full cortical network was also elevated
with DBS, indicating that brain subnetworks that are all
tightly connected together tended to form more often
with DBS. In contrast, modularity, which denotes the
strength of connections within sub-networks relative to
the strength between sub-networks was decreased with
DBS, indicating that inter-subnetwork functional connec-
tivity was increased more than intra-subnetwork func-
tional connectivity. There were no significant differences
between DBS-off and healthy controls, except for transi-
tivity where decreased transitivity was seen for both DBS-
on and DBS-off relative to controls.

Discussion

We studied the effects of basal ganglia DBS on corti-
cal synchrony in patients with Parkinson’s disease and
found that DBS causes increased high beta and gamma
band corticocortical synchrony (26 to 50 Hz). We show
that these changes displace cortical networks relative
to age-matched controls instead of normalizing them,
with these effects being particularly magnified within
an interconnected circuit consisting of the motor, occipi-
toparietal, temporal, and prefrontal cortices. This circuit
does not appear to be significantly more activated than
the average cortical resting-state synchrony in healthy
controls and when DBS is turned off but emerges when
DBS is turned on.

Study Limitations

Several caveats are necessary to consider when inter-
preting the results of this study. First, we utilized a
data-driven approach requiring substantial multiple-
comparisons corrections. While this allows us to detect
networks that span across non-motor regions that a
more targeted approach would not even consider, the
tradeoff is that we are only powered to detect very
large and straightforward changes. For example, De
Hemptinne et al. (2015) found that DBS normalizes
coupling locally in the motor cortex between beta phase
and broadband amplitude. By focusing on the motor
cortex, such a study can pick up interesting changes
that our approach is not powered to detect. In general, a
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lack of detected differences in any category should not
be taken as evidence that those differences do not exist.

The second caveat is that the results rely on a sample
size of 11 patients and would benefit from validation
in a larger cohort, in particular to replicate the non-
motor connectivity changes. Only relatively large effects
can be detected reliably with a cohort of this size, thus
this study likely misses subtle effects of DBS on cortical
networks. The data-driven methods and small sample
size likely also explain why few significant differences
between DBS-off and controls were found. However, the
study was powered to determine a key novel finding that
cortical networks in the DBS-off condition were more like
functional networks in controls than in DBS-on. Third,
while DBS was able to effectively control symptoms in
the patients utilized in this study, metrics involving rel-
ative differences in outcomes were not utilized. Addi-
tionally, clinically effective stimulation in most of our
patients was determined qualitatively rather than quan-
titatively. Therefore, while the changes in connectivity
that we identify can be associated with qualitatitively
effective treatment, their association to variability in the
degree of individual treatment response would require
a more powered study. Similarly, a future study with
greater power is required to determine whether aspects
of the changes seen in corticocortical connectivity relate
to non-motor side effects. And lastly, in order to have
sufficient power to detect the effects of DBS, we included
all subjects with basal ganglia stimulation given that
DBS to both STN and GPi have small, if any, differences
motor and cognitive effects (Peng et al. 2018; Wong et al.
2019). When we did separate the GPi and STN stimu-
lation cohorts, neither group was powered sufficiently
to detect global cortical connectivity differences. Thus,
these results are not meant to represent specific changes
resulting from stimulation in either region but rather
changes resulting from clinically effective basal ganglia
deep brain stimulation.

DBS Modulates Long-Range Cortical Connectivity
Involving the Prefrontal Cortex, Temporal Lobe,
Motor Cortex, and Occipitoparietal Regions

Using our network reduction model, we were able to
identify a sub-network of increased cortical connectivity
involving the prefrontal cortex, temporal lobe, motor
cortex, and the occipitoparietal lobe at the 26-50 Hz
frequency band.

Prior literature involving the subcortex in Parkinson’s,
including ones studying the effects of dopaminergic
medication, typically highlights low beta band frequen-
cies, which generally fall right below the frequency
band we identified (Brown et al. 2001; Priori et al. 2004;
Hammond et al. 2007). Furthermore, Bronte-Stewart et al.
(2009) also showed that deep brain stimulation of the
basal ganglia predominantly attenuates lower beta band
power in that region.

However, when these relationships are expanded
to include the cortex, evidence for higher frequencies
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Fig. 4. Difference in network metrics between DBS-on and off using paired t-tests (dof = 10) and DBS-on or off vs healthy controls via two-sampled t-tests
(dof =43). These metrics were computed over both the full cortical network (shown in Fig. 3A and the identified sub-network (shown in Fig. 3B). Individual
values are shown for each subject group with solid error bars indicating 95% confidence bounds on the difference in sample means. Assortativity refers
to propensity of well-connected brain regions to connect to other similarly well-connected brain regions. Global efficiency is the average inverse shortest
path length in the network. Clustering coefficient is the likelihoods of regions that are strongly connected to a given region to also be strongly connected
to each other. Transitivity represents the propensity of the density of tightly connected clusters in the graph to exist. Strength is the average PLV across
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error bars in the top panel are shown for the paired t-tests with the bottom two panels showing confidence bounds for two sample t-tests.



emerge. Litvak et al. (2010) demonstrated that increased
connectivity between the basal ganglia and premotor
areas associated with Parkinson’s occurred mostly in
the high beta band. George et al. (2013) also found
that dopaminergic medication decreased the number of
correlated pairs of scalp EEG pairs mostly at the high
beta band (>20 Hz). Oswal et al. (2016) showed both
properties by demonstrating that DBS decreases basal
ganglia power at the low beta band but decreases basal
ganglia coherence with the mesial motor cortex in the
high beta band. The mechanism of this shift from low
beta band synchrony effects subcortically to high beta
band synchrony changes in cortical areas may prove
an important avenue of future studies, especially in the
context of the effects of Parkinson’s and its treatments.
Involvement of the lateral prefrontal cortex, somatosen-

sory, motor/premotor, and occipitoparietal areas are
supported by diffusion-tensor-imaging (DTI) and prob-
abilistic tractography findings demonstrating structural
connectivity between these regions and the basal ganglia
(Lambert et al. 2012; Vanegas-Arroyave et al. 2016). W.
Chen et al. (2020) showed evidence of a monosynaptic
STN to prefrontal hyperdirect pathway involved in
motor control inhibition, lending further credence to
an anatomic basis for this network. The involvement
of these regions in Parkinson'’s disease and its treatment
are also supported by several functional imaging studies
(fMRI and PET) (Rowe et al. 2002; Wu et al. 2009). A recent
MEG Oswal et al. (2016) study supports the involvement
of primary and supplementary motor cortices in the
effects of DBS. Connectivity between the temporal
lobe and the basal ganglia has been validated by a
combination of retrograde transneuronal viral studies
and PET studies (Middleton and Strick 1996; Postuma and
Dagher 2005). Interestingly, Lee et al. (2006) demonstrated
that DBS in the basal ganglia was effective in controlling
refractory partial epilepsy in patients with temporal lobe

epilepsy.

Effects of DBS Displace Patients with Parkinson’s
Relative to Healthy Controls

In general, we did not find large differences between the
DBS off condition and age-matched controls. We do not
believe this means they are absent, on the contrary, a
large ensemble of literature would indicate the opposite.
As mentioned earlier, our sample was most likely not
powered enough to detect these differences using a data-
driven approach requiring substantial corrections for
multiple comparisons. However, the fact that we did see
significant differences when DBS was turned on indicates
that in contrast to the reported subcortical effects of
stimulation, where synchrony is reduced to resemble
states observed in subjects without PD, stimulation’s
effect cortically appears to be in the opposite direction.
A key question for future studies is which of these
effects of DBS are associated with therapeutic outcomes,
reflecting compensatory mechanisms to overcome
Parkinsonian symptoms, versus which drive undesired
side-effects.
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DBS Activated Circuit Stands Out from
Background Synchrony Only when DBS

is Turned on

We found that our DBS-activated circuit’s synchrony was
not significantly different from the rest of the cortex in
healthy controls and in patients with Parkinson’s when
the DBS device was turned off. When the DBS device
was turned on, synchrony inside the network increased
significantly relative to the rest of the cortex (beyond
the overall activation induced by DBS). This increased
cortical-cortical high beta/gamma synchrony may be a
consequence of the release of pathological basal ganglia
hyperinhibition seen in Parkinson'’s by DBS, leading to the
observed network becoming active in DBS-on relative to
both DBS-off and controls (Kumar et al. 2011; Milosevic
et al. 2018). There are two major possibilities for this
finding. One is that this cortical network is not typically
activated at rest but only during specific tasks, possi-
bly higher-order motor control given the involvement
of the premotor cortices. However, when DBS is turned
on, this circuit is perturbed as a unit, causing it to also
be abnormally activated during resting state. Another is
that the magnitude of this circuit’s activation, including
at rest, is typically small compared to other networks in
the cortex, causing it to disappear into the background
of other stronger networks. DBS then causes this circuit
to become abnormally active. Further explorations into
the state of this circuit under using various stimula-
tion parameters and examining how these effects relate
to motor and non-motor behavioral changes with DBS
could help mediate between these two hypotheses lead-
ing to better understanding of the mechanisms of DBS.
In particular, it will be important to determine if these
changes are compensatory, and related to the magnitude
of treatment efficacy, incidental, or related to unwanted
DBS side effects (Antosik-Wojcinska et al. 2017).

Conclusions

Studies regarding the effect of DBS in Parkinson’s disease
on neural connectivity have largely focused on connec-
tivity within the subcortex and the motor cortex, finding
that reduction of overactive oscillatory synchrony, par-
ticularly within the beta band, is an important feature of
clinically effective high frequency DBS.

We found that DBS introduces new differences in
cortical networks of patients with Parkinson’s compared
to those from healthy controls in the form of increased
connectivity in the high beta and gamma frequency
band (26-50 Hz). Most of these changes can be localized
to a network that shares several features with that
of previously identified cortical motor networks along
with the addition of the temporal and occipital regions.
Further studies with larger samples are required to
correlate degree of clinical efficacy, and undesirable
side effects, to specific aspects of changes in cortical
connectivity with DBS shown here. Finding links between
particular aspects of neural changes due to DBS and both
therapeutic benefit or undesirable side effects could
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lead to new quantitative paradigms to optimize DBS
programming.
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