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An Electroencephalography Profile of Paroxysmal

Kinesigenic Dyskinesia
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Beisha Tang, Ji Hu, Ti-Fei Yuan,* and Li Cao*

Paroxysmal kinesigenic dyskinesia (PKD) is associated with a disturbance of
neural circuit and network activities, while its neurophysiological
characteristics have not been fully elucidated. This study utilized the
high-density electroencephalogram (hd-EEG) signals to detect abnormal brain
activity of PKD and provide a neural biomarker for its clinical diagnosis and
PKD progression monitoring. The resting hd-EEGs are recorded from two
independent datasets and then source-localized for measuring the oscillatory
activities and function connectivity (FC) patterns of cortical and subcortical
regions. The abnormal elevation of theta oscillation in wildly brain regions
represents the most remarkable physiological feature for PKD and these
changes returned to healthy control level in remission patients. Another
remarkable feature of PKD is the decreased high-gamma FCs in
non-remission patients. Subtype analyses report that increased theta
oscillations may be related to the emotional factors of PKD, while the
decreased high-gamma FCs are related to the motor symptoms. Finally, the
authors established connectome-based predictive modelling and successfully
identified the remission state in PKD patients in dataset 1 and dataset 2. The
findings establish a clinically relevant electroencephalography profile of PKD
and indicate that hd-EEG can provide robust neural biomarkers to evaluate

1. Introduction

Paroxysmal kinesigenic dyskinesia (PKD),
characterized by transient and recurrent
dystonic or choreoathetoid attacks precip-
itated by sudden movements, is the most
common and representative type of parox-
ysmal dyskinesia.'?l The unique features
of PKD include kinesigenic triggers, a ten-
dency toward natural remission, and a dra-
matic response to epileptic drugs,®! sug-
gesting distinct neural mechanisms from
other movement disorders. Although sev-
eral genetic factors for PKD have been iden-
tified since 2011,/*7! the underlying mech-
anism of PKD is far from being fully eluci-
dated.

Recently, structural and functional ab-
normalities involving the caudate nucleus,
putamen, pallidum, thalamus, and fron-
toparietal cortex in PKD patients have
been reported with different neuroimag-
ing methods, including single-photon
emission computed tomography (SPECT)

the prognosis of PKD.

and positron emission tomography (PET).
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There were also alterations in interhemispheric functional
connectivity between the brain regions of bilateral cerebral
hemispheres, such as putamen, primary motor cortex, supple-
mentary motor area, dorsal lateral prefrontal cortex, and pri-
mary somatosensory cortex.®?] In addition, cerebellar changes
have been identified in Proline-rich transmenbrane protein
2 (PRRT2)-related PKD. In PKD patients with PRRT2 mu-
tations, it is presumed that abnormal cerebellar output is
the primary dysfunction, which leads to striatal dysregulation
and paroxysmal dyskinesia.[!’l In PRRT2-deficient mice, dyski-
netic movements were triggered due to the induction of cere-
bellar spreading.'!l However, global characterization of PKD-
associated neural disruptions, especially the functional connec-
tivity, is still lacking.[12-1)

Electroencephalography (EEG) provides a clinically translat-
able assessment of whole-brain neural activity at high tempo-
ral resolution. However, due to limited recording channels and
the effects of volume conduction, conventional EEG could not
precisely estimate the neuronal sources of the single brain re-
gion. By contrast, high-density EEG (hd-EEG) with 128 channels
or higher offers a high spatial sampling of the potential distri-
bution on the head with more information collected. Hd-EEG
can accurately depict the activity of a single brain region through
the latest algorithms, including the subcortical nucleus and even
the cerebellum, which had been confirmed by synchronously in-
tracranial recording local field potentials of deep brain regions
and hd-EEG in a recent study.l'®] Furthermore, algorithms are
constantly being designed to reduce the influence of volume con-
duction on source localization. For example, an algorithm for cal-
culating functional connectivity called power envelope connectiv-
ity (PEC) solved this issue by removing signals with zero phase
lag, which is the main reason for volume conduction, through
the orthogonalizing amplitude of two signals. The neural oscil-
lation activity patterns quantified by PEC were found related to
some diseases,'’] such as depression and PTSD, and can be used
as neurobiomarkers to assist clinical diagnosis(®®! and disease
prognosis.!?]

The current knowledge of the neural activity characteristics
of PKD is only limited to scalp EEG, such as diffuse or focal
slow waves and epileptic discharges.l'! We aimed to discover the
key brain region and whole brain dysfunction of PKD by tak-
ing advantage of hd-EEG, high temporal and spatial resolution.
To this end, both cortical and subcortical brain regions were
evaluated by hd-EEG source localization in this study. Oscilla-
tory activities (PSD) of each region and functional connectiv-
ity (PEC) between paired regions were estimated and compared
health controls (HCs) and PKD or subtypes of PKD (remission
or non-remission subtype, trigger factors: “puremove” or “non-
puremove” subtype). Finally, connectome-based predictive mod-
eling (CPM) for identifying remission PKD patients was estab-
lished and validated by another group of independent data.

2. Experimental Section
2.1. Participants
Two independent hd-EEG datasets were included in the study. A

total of 115 PKD patients and 108 HCs were recruited in dataset
1 (recruitment time 202103-202201), and 35 PKD patients in
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dataset 2 (recruitment time 202207-202303). Dataset 2 was col-
lected to validate the generalization of the remission state pre-
diction model established based on dataset 1. The clinical diag-
nosis of PKD is based on Bruno’s criteria and recently modified
diagnostic recommendations.[*?%! The disease duration of all the
enrolled patients was at least one year. All participants or their
guardians signed written informed consent, and ethics approval
was granted by the research ethics boards of the Shanghai Sixth
People’s Hospital (Approval No: 2021-219). A schematic overview
of the main procedure is illustrated in Figure 1.

2.2. Assessment

Basic information, including age, gender, handedness, and ed-
ucation year, was collected from all participants. Clinical man-
ifestations of PKD, including onset age, age of remission, trig-
gers, aura, attack forms, duration, frequency of attacks, and re-
action to anticonvulsants, were recorded using the PKD registra-
tion form designed by the Department of Neurology, Shanghai
Sixth People’s Hospital. Since medication might affect neural ac-
tivity in the brain,2!??] the medication taken by all participants
was also recorded. For the HCs, the participants who took med-
ications that would affect neural activity, such as antihyperten-
sive, anticonvulsants, and benzodiazepines, will be excluded. For
the PKD group, antiepileptic drugs, such as carbamazepine, lam-
otrigine, oxcarbazepine, etc., were considered as routine drugs.
Therefore, the medication taken 3 days before the EEG record-
ing was recorded. Patients who did not take the medication 3 days
before the experiment were defined as the medication off (med-
off) group and vice versa were considered as the medication on
(med-on) group.

2.3. Resting-State EEG Acquisition

A 129-channel system (Electrical Geodesics, Eugene, OR, USA;
www.egi.com, sampling rate, 500 Hz; bandpass, 0.5-500 Hz) was
used for hd-EEG acquisition with Cz as a reference (Electrical
Geodesics). During the recording, participants were asked to sit
comfortably and remain relaxed. They were then instructed to
keep still, minimize blinks or eye movement, and fixate on a cen-
trally presented cross during the eyes-open paradigms. Resting-
state EEGs were recorded in both eyes-open and eyes-closed
paradigms, each for 5 min. If the participant fell asleep, they
should report to the constructor. All the participants were in-
structed to keep awake during the recording and asked to report
if they fell asleep after the data collection. If drowsiness or sleep
is reported, the corresponding data will be eliminated.

2.4. EEG Pre-Processing

First, the EEG signal was offline 1 Hz high-pass filter (FIR
1651 point high-pass filter, transition bandwidth: 1 Hz, pass-
band edge: 1 Hz, cutoff frequency (—6 dB): 0.5 Hz) to remove
linear trends, notch filtered to remove 50 Hz line noise (FIR
1651 point notch filter, transition bandwidth: 1 Hz, passband
edges: [49 51] Hz, cutoff frequencies (—6 dB), [49.5 50.5] Hz),
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Figure 1. Overview of the design of research and main steps of analysis. Two independent EEG datasets were included in this research, dataset 1 was
used for uncovering the neuropathic mechanism of PKD and training a prediction model for the classification of different PKD remission states, while
dataset 2 was used as testing data for validation of the CPM. High-density EEG was recorded under eye-open (EO) and eye-close (EC) paradigms. The
activity of cortical and subcortical regions was estimated by source localization. Features of regions’ power functional connectivity (PEC) between two
regions in six oscillations were calculated. Neural activity patterns of PKD were investigated by comparing features between HC and PKD or HC with
different PKD subtypes. A CPM model was established based on features selected from dataset 1 and validated by dataset 2.

90 Hz low-pass filter (FIR 75 point low-pass filter, transition band-
width: 22.5 Hz, passband edges: 90 Hz, cutoff frequency (-6 dB),
101.25 Hz). Second, topographically interpolated bad channels
using spherical splines, and re-referenced to the grand average.
Third, ocular, muscular, and cardiac artifacts were then elimi-
nated with independent component analysis (ICA). Fourth, the
analyzed signals were segmented into 2-s segments, and ampli-
tudes >100 uV were excluded. All steps were conducted by using
the EEGLAB toolbox (https://sccn.ucsd.edu/eeglab/index.php).
After pre-processing, subjects with >15% bad channels or >50%
excluded data segments were not included in further analysis.

2.5. Power Spectrum and Functional Connectivity Analyses in
Source Space

Source localization to the cortical and subcortical brain areas was
accomplished using the Brainstorm toolbox (http://neuroimage.
usc.edu/brainstorm). The minimum-norm estimation approach
was applied to convert the channel-space EEG into the source-
space signals of 1922 vertices. Specifically, a three-layer (scalp,
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skull, and cortical surface) boundary element head model was
computed with the OpenMEEG plugin based on the FreeSurfer
average brain template. A total of 16 088 dipoles with uncon-
strained orientations were generated. The lead-field matrix re-
lating the dipole activities to the EEG was obtained as a result
of the boundary element modeling. Principal component anal-
ysis was employed to reduce the 3D estimated source signal at
each voxel to the 1D time series of the principal component.
Then, 149 brain regions were defined in the Montreal Neuro-
logical Institute (MNI) space based on the AAL3 template (https:
//www.gin.cnrs.fr/en/tools/aal/). For source localization reliabil-
ity, brain regions with voxels less than five were excluded, and
all the subregions of the thalamus were merged into one re-
gion. As a result, 113 regions were preserved and divided into
nine functional groups (DMN: default mode network; DAN: dor-
sal attention network; SMN: somatomotor network; VAN: ven-
tral attention network; FPN: frontoparietal network; VN: visual
network; LN: limbic network; SC: subcortical regions; CB: cere-
bellum), which included seven cortical functional networks from
the Buckner group,?*] a subcortical region and the cerebellum
regions.

2306321 (3 0f13) © 2024 The Authors. Advanced Science published by Wiley-VCH GmbH
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Six canonical frequency band oscillations, delta (2—4 Hz), theta
(5-7 Hz), alpha (8-12 Hz), beta (13-29 Hz), low-gamma (30—
59 Hz), and high-gamma (60-90 Hz), were then extracted at each
region via the wavelet transform with the complex Morlet wavelet
(central frequency fc = 1 Hz, time resolution (FWHM_tc) = 3 s,
the temporal resolution of frequency “f” is FWHM_tc * fc/f). The
source-space power spectrum density (PSD) was calculated us-
ing the windowed fast Fourier transform with a 2 s sliding win-
dow and 1 s overlap. To reduce the influence of inter-subject vari-
ability, the power spectra were normalized with a z-transform
within 2-90 Hz. The activity level of each oscillation is the area
under the PSD curve within its frequency band. The power en-
velope connectivity (PEC) was exploited to estimate brain func-
tional connectivity (FC). PEC measures the correlation between
the power envelopes of two band-limited spontaneous brain sig-
nals and characterizes the amplitude synchrony between any pair
of brain regions.[**l By orthogonalizing the analytical time series
of the two brain signals before calculating the power envelopes,
PEC removes the zero-phase-lag connectivity, which is the pri-
mary source of spurious connectivity due to volume conduction
(one of the main challenges to the analysis of FC using EEG). PEC
was a reliable FC measure widely used in magnetoencephalogra-
phy (MEG)!®] and EEG.!*82¢] The regional pairwise PEC features
were further extracted among 113 regions, and 6441 unique re-
gional pairwise connectivity features were computed in each of
the six frequency band oscillations. The PEC features were finally
normalized by z-transform. More details about PEC can be found
in the Supporting Information.

2.6. The Discrepancy in Functional Connectivity Between PKD
Subtypes and HCs

Average PEC values between all paired regions were generated
within the HC group for each oscillation. The difference in PEC
between PKD patients and HCs at each oscillation was defined
as the sum of the discrepancies in each functional connectivity.

2.7. ldentification of Remission State Based on CPM

To assess PSD and PEC as potential biomarkers in distin-
guishing remission PKD patients from non-remission, the con-
ducted CPM[?°! in MATLAB with validated custom scripts (https:
//github.com/YaleMRRC/CPM). CPM generates a binary clas-
sification model with group labels (here, remission or non-
remission). Both PSD of essential regions and whole brain PEC
with a significant difference were applied as inputs. The CPM
identifies positive and negative predictive features in a training
dataset using a dependent t-test. A CPM score, the sum of all
positive and negative features, is then calculated for each indi-
vidual and entered into predictive models. Resultant classifica-
tion thresholds were then applied to the test dataset to generate
predictions, and model performance was quantified as the corre-
spondence between actual and predicted labels. A schematic of
CPM is supplied in Figure S2 (Supporting Information). To fur-
ther validate the CPM’s robustness for PKD patients’ remission
state, the same CPM was used for classifying the state of remis-
sion in patients from dataset 2.
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2.8. Statistical Analysis

The student’s t-test was used to analyze PSD or PEC values of
any region-of-interest pair in six oscillations in two groups. Per-
mutation testing (permutation number is 1000) was performed
to evaluate the statistical significance of all tests. p < 0.05 indi-
cates a significant difference, and all reported p values were af-
ter FDR correction. Since the features’ dimension far exceeded
the classification dimension, the robustness of features are eval-
uated to avoid overfitting. In 100 replicates, 95% of each group
were subsampled and the difference in PSD and PEC between
the two groups was calculated. The final results only show the fea-
tures with significant differences (p < 0.05). Candidate features
for CPMs were selected based on their average performance in
replicates. Accuracy and receiver operating characteristic (ROC)
curve analyses were performed. The area under the curve (AUC)
indicated the diagnostic ability of these variables.

3. Results

3.1. Epidemiologic Characteristics of Enrolled PKD Patients

After the data pre-processing, 98 PKD patients and 96 HCs in
dataset 1 and 31 PKD patients in dataset 2 were finally included.
The reason for the exclusion of some subjects was due to the
poor quality of electrophysiological data. Information about the
number of bad channels, the ratio of bad epochs, and the num-
ber of epochs for analysis in PKD and HC groups were shown
in Figure S3 (Supporting Information). In addition, there is no
difference between HC and PKD in these three parameters of
pre-processed EEG data. Demographic variables are provided in
Table 1. There was no statistically significant difference between
PKD patients and healthy controls in terms of gender, age, hand-
edness, and education year. Detailed disease information of PKD
patients is listed in Table 2. Consistent with previous clinical
data,l!l the average onset years was 12.24 + 3.36 years, and the
average disease duration was 11.93 + 8.19 years. A state of remis-
sion in PKD is defined as a reduction in the frequency or severity
of attacks or complete absence of attack without the aid of any
medications. In this study, 38 patients reported spontaneous re-
mission, and the average age of remission was 21.26 + 4.31 years.
Five types of attack triggers/factors are classified into two cate-
gories. Motor triggers include sudden voluntary actions and ac-
tion changes (changes in the speed or amplitude of movements),
while physiologically aggravating factors include emotional fac-
tors, intent action, and fatigue. The ratio of patients triggered by
action change, emotional factors, intent action, and fatigue was
77:21, 59:39, 59:39, and 33:65, respectively. The medication state
of PKD patients when recording EEG: 64 patients were in a med-
off state, 26 were in a med-on state, and eight were unknown.

3.2. An Electroencephalography Profile of PKD

In order to have a comprehensive understanding of the electro-
physiological profile of PKD, we analyzed resting-state EEG data
with eyes-open (PKD n = 85, HC n = 85) and eyes-close (PKD
n = 86, HC = 88) paradigms. The abnormal neural activity pat-
terns of PKD were highly consistent between the two paradigms,

2306321 (4 of 1 3) © 2024 The Authors. Advanced Science published by Wiley-VCH GmbH
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Dataset 1: PKD [n = 98]

Dataset 1: HC [n = 96]

Dataset 2: PKD [n = 31]

Gender Male Female Male Female Male Female Ve p
77 21 74 22 26 2 2.629 0.269
Handedness Right Left Right Left Right Left
91 7 94 2 31 0 4.731 0.094
Mean sSD Mean sD Mean sD F p
Age (years) 24.15 7.7 24.15 7.29 25.03 7.90 0.194 0.824
Education (years) 14.57 3.22 15.16 2.18 14.00 3.12 2.069 0.129
Table 2. Disease information of PKD patients from dataset 1 and dataset 2.
Dataset 1 Dataset 2
Mean SD Mean SD
Onset age [year] 12.24 3.36 11.44 2.82
Disease duration [year] 11.93 8.19 13.96 8.66
Yes No Unknown Yes No Unknown
Medication Application 26 72 8 8 20 0
Relief of Motor Symptom 38 51 9 14 14 0
Types of Triggers Sudden voluntary actions 98 0 0 27 0 1
Change of Action 77 21 0 16 1 1
Emotional Factors 59 39 0 17 10 1
Intent action 59 39 0 12 15 1
Fatigue 33 65 0 7 20 1

with only some differences in the specific brain regions involved.
To highlight the altered neural activity patterns in PKD, we have
placed the results for the eye-open paradigm in Figures S4-S6
(Supporting Information). Previous studies(?#2??] have suggested
that under the eye-close paradigm, external information input is
reduced, and the participant can be in a better-resting state and
have less signal noise due to blinks, head movements, etc.

3.3. Abnormal Neural Activity in PKD

Regarding the oscillatory activity of regions (PSD), the most sig-
nificant difference between PKD and healthy controls (HC) ap-
peared at theta oscillation. At the same time, discrepancies also
existed in delta or beta oscillation (Figure 2a; Figure S4a, Support-
ing Information). The difference was prominent both in eye-open
and eye-closed paradigms. Compared with HC, PKD patients’ ac-
tivity at theta oscillation showed a widespread increase in all net-
works, especially in the cerebellum, subcortical, LN, SMN, and
DMN. At the same time, an additional discrepancy was also found
at the VN during the eye-open paradigm. Moreover, activity at
delta oscillation decreased in 11 regions (mainly from LN) in the
eye-closed paradigm, while the activity in three regions markedly
decreased at delta oscillation in the eye-open paradigm (IPL, post-
central, supramarginal). For beta oscillations, significant differ-
ences were identified only in the postcentral cortex and OFC in
the eye-open and eye-closed paradigms, respectively.

Adv. Sci. 2024, 11,2306321

The diversity at delta, low-gamma, and beta FCs in the eye-
closed paradigm was noticeable between PKD patients and HCs
(Figure 2b), and they were mainly associated with the cerebellum.
Specifically, compared to HCs, the connection between the cere-
bellum and other brain regions at delta oscillation was weakened
in PKD patients. In contrast, connectivity within the cerebellum
at beta and low-gamma oscillation was strengthened. However,
only theta FCs were the most prominent difference in the eye-
open paradigm (Figure S4b, Supporting Information).

3.4. Neural Activity Changed After PKD Remission

Spontaneous remission is the distinctive characteristic of PKD.
To explore the mechanism behind this phenomenon, we fur-
ther investigated the difference in PSD and PEC features
between PKD patients with different disease stages (non-
remission/remission) and HCs. To remove the effect of medi-
cation use on the results, we excluded those PKD patients who
were in a med-on state (eye-open: non-remission n = 38, re-
mission n = 25; eye-close: non-remission n = 32, remission
n = 23). In terms of PSD, non-remission PKD patients showed
notably decreased activity at theta oscillation in many regions
compared with HCs (Figure 3a; Figure S5a, Supporting In-
formation), which is consistent with the findings in compari-
son between overall PKD and HCs, while only a few regions
from right hemisphere with discrepancies were found in remis-
sion PKD patients (right middle frontal gyrus, Fusiform, infe-

2306321 (5 0f13) © 2024 The Authors. Advanced Science published by Wiley-VCH GmbH
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Figure 2. The discrepancy oscillatory activity pattern between PKD and HC on the eye-close paradigm. a) Visualization of oscillatory activity difference
(PKD vs HC) patterns on the brain. The node size at each significant region (corrected p-value <0.05 after FDR correction) represents its absolute
t-value, the larger the size, the more significant it becomes. A downward arrow on the node indicates that the oscillatory activity of PKD is significantly
lower than HC (t-value <0), and the node without an arrow indicates that PKD is significantly higher than HC (t-value > 0). b) Functional connectivity
difference between PKD and HC. Squares in the triangular matrix are functional connectivity (FC) of paired brain regions, and only significant FCs are
drawn (p < 0.05 after FDR correction). The black squares indicate that the diagonal elements in the FC matrices are non-meaningful for our analysis.
We averaged the t-values for each network and displayed them with a circular plot. The circle color represents different networks; the lines between or
within the circle are the averaged t-value. The blue line indicates that the t-value is >0, while the red line indicates that the t-value is “0, and the thicker
the line, the greater the absolute value of t. We divided the brain regions into nine groups according to their functional network membership. DMN:
default mode network; DAN: Dorsal attention network; SMN: somatomotor network; VAN: ventral attention network; FPN: frontoparietal network; VN:
visual network; LN: limbic network; SC: subcortical regions; CB: cerebellum.

rior temporal gyrus, middle temporal gyrus, superior tempo-  found in high-gamma FCs (Figure 3c; Figure S5c, Supporting
ral gyrus, on eye-open paradigm and right inferior temporal  Information) in both eye-open (t = 3.01, p = 0.0037) and eye-
gurus and Lobule VIIB of the cerebellar hemisphere on eye- closed (t = 3.04, p = 0.0036) paradigms. As shown in Figure 3b
closed paradigm). Regarding FC, a significant difference be- and Figure S5b (Supporting Information), the broader range of
tween the remission and non-remission PKD patients was only ~ connections was in non-remission PKD patients than in HCs
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Figure 3. The discrepancy oscillatory activity pattern of remission and non-remission PKD patients on the eye-close paradigm. a) Regions with signif-
icantly increased theta activity between remission or non-remission PKD patients and HCs. b) Mean high-gamma oscillation FC matrices of all HCs,
remission, and non-remission PKD patients. c) The sum of PEC differences between remission or non-remission PKD patients and HCs. The non-
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difference between remission or non-remission PKD patients with HC. The black squares in (d) indicate that the diagonal elements in the FC matrices

are non-meaningful for our analysis.

and remission PKD patients. Discrepant high-gamma FCs be-
tween non-remission PKD patients and HCs were mainly be-
tween the DMN, DAN, SMN, VAN, and other groups or within
the DAN, SMN, VAN (Figure 3d; Figure S5d, Supporting Infor-
mation). However, decreased FCs were not found in remission
PKD patients. By contrast, some of them were even excessively
enhanced.

3.5. The Specific Role of Theta and High-Gamma Oscillations in
PKD

Since we identified the notable involvement of theta oscillatory
activity and high-gamma FCs, we attempted to explore their spe-
cific roles in PKD further. The current definition of remission in
PKD mainly refers to decreased attacks or relief of motor symp-
toms. At the same time, emotional factors have been identified to
participate in PKD, acting as an additional trigger for attacks and
aggravating factors for motor symptoms.[**! In clinical practice,
most patients reported anxiety and depression when they had
symptoms.[?’] Based on these evidence, we hypothesize that theta
and high-gamma oscillations may play different roles in coding
motor and emotional symptoms in PKD patients.

Adv. Sci. 2024, 11,2306321

Therefore, we divided PKD patients into two subtypes accord-
ing to different triggers to verify this hypothesis. Among the five
triggers of a PKD attack, “sudden voluntary actions” and “speed
change” are more related to movement. In comparison, the other
three, “emotional factors”, “intention action”, and “fatigue”, are
aggravating factors and associated with psychological status. Sub-
sequently, we divided PKD patients into the “puremove” subtype,
which only has at least one movement trigger, and the “non-
puremove” subtype, which triggers should contain both move-
ment triggers and psychologically aggravating factors (Figure 4a).
In the study, 18 patients were enrolled in the “puremove” subtype
(the average frequency of the five triggers/factors “sudden volun-
tary actions”, “speed change”, “emotional factors”, “intention ac-
tion”, and “fatigue” are: 100.00%, 83.33%, 0.00%, 0.00%, 0.00%),
while 80 patients were classified into the “non-puremove” sub-
type (the average frequency of the five triggers/factors “sudden
voluntary actions”, “speed change”, “emotional factors”, “inten-
tion action”, and “fatigue” are: 100.00%, 77.50%, 73.75%, 73.75%,
41.25%).

To explore whether different subtypes of PKD have different
patterns of neural oscillatory activity, both theta PSD and high-
gamma PEC features were compared in the two subtypes ver-
sus HCs. Again, we excluded med-on state patients’ EEG data
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Figure 4. The discrepancy oscillatory activity pattern of two subtypes of PKD: “Puremove” and “Non-puremove” on the eye-close paradigm. a) The
average of the five common triggering/factors may trigger a PKD attack in “puremove” and “non-puremove” subtypes of all PKD patients. Blue shading
is the standard deviation obtained for a random sample of 18 subjects in the non-puremove group. b) Regions with significantly increased theta activity
between the two subtypes and HC. ¢) High-gamma oscillation FC difference between the two subtypes of PKD and HC.

(eye-open: “puremove” n = 12, “non-puremove” n = 51; eye-
close: “puremove” n = 13, “non-puremove” n = 42). Compared
with the “puremove” subtype, the “non-puremove” subtype has
more regions showing significantly increased theta oscillation
than HCs (Figure 4b; Figure S6a, Supporting Information). In
the eye-close paradigm, the “puremove” subtype only increased

Ady. Sci. 2024, 11,2306321

at the right inferior of temporal and left Caudate. In contrast, the
“non-puremove” subtype increased at 20 regions, mainly from
CB and SC groups. The results of the eye-open paradigm were
similar and more significant between the two subtypes. These re-
sults indicated more engagement of theta oscillation in patients
with emotional aggravating factors.
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On the other hand, both patients of the “puremove” and “non-
puremove” subtypes showed widely decreased high-gamma FCs
than HCs in the eye-closed paradigm (Figure 4c). The main
aberrant FCs were between the SMN groups and DMN, DAN,
FPN, LN, and SC, or within the DAN and SMN groups. How-
ever, no similar results were found in the eyes-open paradigm
(Figure S6b, Supporting Information). These results indicated
that high-gamma oscillation might be more associated with PKD
patients with motor-related triggers alone.

3.6. Performance of Prediction Models for Identifying Remission
State

In order to explore whether neural markers could assist in clinical
prognosis, a CPM was established based on the PSD and PEC fea-
tures between remission and non-remission PKD groups. Only
features with p-values “0.3 were selected as input since they got
the best performance on both dataset 1 and dataset 2. The oscilla-

Adv. Sci. 2024, 11,2306321

tory activity of several regions from the cerebellum at low-gamma
and high-gamma oscillation remarkably differed between remis-
sion and non-remission PKD patients (Figure S7, Supporting
Information). The most significant differences in FC (Figure 5,
Supporting Information) were all found in high-gamma oscil-
lation and from SMN, CB, DMN, EPN, VN, and DAN. More-
over, three regions in SMN (PCL, SMA, Precentral) and one
in DAN (SPG) were the critical nodes and connected to other
regions. More details about the difference between remission
and non-remission PKD groups were shown in Figures S7 and
S8 (Supporting Information) in both the eye-open and eye-close
paradigms.

The performances of CPMs for identifying PKD with or with-
out remission in dataset 1 and dataset 2 are shown in Figure 6.
The scores of CPM distribution varied significantly between the
two subtypes in dataset 1. The accuracy of the CPM was 97.56%,
and the AUC of ROC was 0.994 with high sensitivity and speci-
ficity. The accuracy of the CPM for classification in dataset 2 was
71.43%, and the AUC of the ROC curve was 0.735. The results in-
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dicated that this CPM could effectively identify PKD patients with
remission with an 85.71 chance but only could correctly identify
unremised PKD patients with a 57.14% chance. We believe such
differences are mainly due to the more significant heterogeneity
of non-remission patients regarding disease symptoms, medica-
tion states, and other factors. We tested the impact of the thresh-
old p-value for feature selection (p-value< [0.001, 0.01, 0.05, 0.1,
0.2,0.3, 0.4, 0.5]) on the prediction results (Figure S9, Supporting
Information). The results showed that all selected thresholds in
the training dataset (dataset 1) could effectively distinguish PKD
patients with or without remission. When the p-value was over
0.01, the CPM model can also effectively distinguish the remis-
sion state in the test dataset (dataset 2) with an AUC of ROC larger
than 0.5.

4, Discussion

The current study first established a clinically relevant electroen-
cephalography profile of PKD. According to our results, the neu-
ral activity of PKD is widely changed at oscillatory activity and
functional connectivity in all frequency bands. The most remark-
able changes are increased theta oscillation activity and decreased
high-gamma FCs, which are not only related to disease progres-
sion but also specifically responsible for different subtypes of
PKD. Furthermore, based on these notable findings, a powerful
neurobiomarker has been formed to establish a clinically trans-
lational model to evaluate the prognosis of PKD.

Ady. Sci. 2024, 11,2306321

4.1. The Increased Theta Oscillation Is a Crucial Feature of PKD
and May be Related to the Abnormal Psychological State of PKD

Compared to HCs, approximately half of the brain regions
showed significantly higher activity at theta oscillation in eye-
open and eye-closed paradigms. The most involved regions are
SMN, DAN, SN, and CB. However, aberrant activity would be dis-
missed with the relief of PKD symptoms. These results indicate
that enhanced theta oscillation is a crucial feature of PKD. Previ-
ous studies showed that abnormal theta activities in the SN and
DAN might be involved in abnormal cognition and psychologi-
cal states, and the primary physiological function of theta oscilla-
tion is memory processing, especially in the cortico-hippocampal
circuit.?%31] Clinical studies have shown that increased theta os-
cillation is a typical phenomenon after acute brain lesions.*]
However, its role in neural disorders is controversial, as the en-
hanced presence of theta oscillation may suggest network dis-
assembly, and it might also be a signal promoting plasticity in
the context of the reorganization of the neural network.[>}] This
controversy was also found in this study. As shown in Figure S4b
(Supporting Information), significant theta FCs mainly increased
in the PKD patients compared with HCs, except for FC from
the cerebellum to other regions. Therefore, we assume that the
abnormal theta oscillation in the cerebellum of PKD might be
related to the impaired information transmission between the
cerebellum and other brain regions, leading to impaired mo-
tor integration function.!*”) Combined with the results shown in
Figure 4b, only the “non-puremove” PKD subtype showed wildly
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increased theta activities in brain regions, we presume that in-
creased theta FCs between noncerebellar regions, especially from
the SN and DAN, is probably attributed to plasticity in neural
network reorganization induced by cognition and psychological
change under a chronic disease state.[?’]

4.2. Decreased High-Gamma Functional Connectivity Is
Associated Explicitly with Motor Symptoms of PKD

PKD patients experience spontaneous remission with age. In
this study, decreased high-gamma FCs were found only in the
“non-remission” group. Moreover, non-remission PKD patients
have a more significant gap in FC than HCs compared to re-
mission patients. These results indicate that abnormal high-
gamma FCs in PKD are closely related to the severity of mo-
tor symptoms. It is known that gamma oscillations originate
from GABAergic inhibitory interneurons, which play a crucial
role in sensorimotor integration in the cortical-cortical and tha-
lamocortical circuits.?*33] The impaired connectivity on a high-
gamma oscillation in PKD patients involves a broader range of
networks, including the DAN, SMN, VAN, FPN, and VN, which
are in charge of our sensory and motor functions and are asso-
ciated with movement disorders. In addition, as the decreased
high-gamma FC was found both in the “puremove” and “non-
puremove” subtype of PKD, we assumed that the alteration in
gamma FCs is consistent with the motor symptoms of PKD. A
similar assumption was proposed in one previous MEG study
as well.l%]

4.3. PKD Is a Network Disorder Involving Almost All Brain
Regions

The remarkable changes in PKD involve almost all brain regions
at both the oscillatory activity and FC. This result is consistent
with previous imaging studies, which revealed a wide range of
brain regions associated with PKD.[3¢37] Similarly, in other hy-
perkinetic movement disorders, most networks were affected,
mainly the SMN, cerebellar, basal ganglia, cognitive control, and
DMN, with different changes for each network.*®! Compared to
other cortical and subcortical regions, the enrolment of the cere-
bellum in PKD has been disclosed recently. In this study, the
changes in the cerebellum in PKD were more prominent and per-
sistent compared to other regions. Imaging studies on PKD have
revealed that patients had decreased inhibition from cerebellar
lobule VIII to thalamic relays. In contrast, the connection from
cerebellar lobule VI to thalamic relays was less facilitated, and
self-inhibition in cerebellar lobule VI was increased. Meanwhile,
connections from the thalamus to the striatum and the primary
motor cortex were more facilitated.'%*?) Furthermore, PRRT2,
the primary pathogenic gene of PKD, is highly expressed in the
cerebellum, especially in granule cells (GCs), and enriched at the
presynaptic membrane in the molecular layer. Cerebellar knock-
out of PRRT2 could result in the phenotype of PKD in mice and
abnormal excitability of the cerebellum.['"*%] The cerebellum in-
tegrates sensory and motor information from the cortex, as well
as the control of the motor cortex via the thalamus. It partici-
pates in motor learning, control, and coordination. Our results

Adv. Sci. 2024, 11,2306321
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supported the cerebellar involvement in PKD and indicated a dif-
ference in FC with other hyperkinetic movement disorders. In
PKD patients, although decreased FCs in the cerebellum were the
main characteristic in the eye-closed paradigm, other networks
were also affected. We assume that this might be attributed to
the clinical heterogeneity of PKD, but due to the sample size of
the current study, the assumption should be carefully interpreted
in further investigations.

Although PKD is considered a benign movement disorder due
to the dramatic response to epileptic drugs and its spontaneous
remission, it still profoundly impacts patients’ quality of life, both
physically and psychologically. To date, there are no tools or meth-
ods to predict the duration of the disease or evaluate the state
of the disorder, which could provide certainty and preparation
for patients in their daily lives. Therefore, we attempted to set
up a prediction model based on our results. In our CPM model,
features from oscillatory activities and FCs showed promising
performance on sensitivity and specificity to identify PKD pa-
tients with remission. Further validation of the model by exter-
nal data also showed satisfying performance. Therefore, features
from hd-EEG might be considered translatable neural biomark-
ers to evaluate the state of the disease and predict the prognosis
of PKD. It will help clinicians in the future to create a fast and
inexpensive diagnosis assistant system.

4.4, Limitations

There are still some limitations in the present study. First, al-
though the current dataset is larger than the published PKD elec-
trophysiological studies, the number of some subtypes is still
small, limited by their relatively low natural incidence. In ad-
dition, only the resting-state data were recorded and analyzed,
and the results could not show the whole picture of the mech-
anism of PKD. In the following investigation, we will proceed
with the task hd-EEG, including kinesigenic or emotional trig-
gers/factors, to further understand the abnormal brain activity
of PKD. Third, it should be noted that the precision of source
estimation in the present study was limited by choosing the av-
erage brain template for source localization rather than the indi-
vidual brain model. However, without collecting an MRI of every
participant to estimate individual brain models, the experiment
became more efficient, economical, and practical. In the follow-
ing research, we will apply other methods, such as EMG or MRI,
to provide higher-precision localization of brain regions, such as
subregions of the thalamus. Moreover, an MRI would be collected
when applying the remission state prediction model for clinical
diagnosis.

5. Conclusion

In conclusion, our work characterized the whole brain profile of
PKD and discovered the key brain regions, significant neural os-
cillations, and unique functional activity patterns of PKD, which
have never been investigated in previous research. The results
not only provide a novel reference for the mechanism of PKD as
well as a translational and practical tool of clinical evaluation but
also exhibit the theoretical evidence and therapeutic targets for
further physical treatment in clinical practice.

2306321 (11 of 1 3) © 2024 The Authors. Advanced Science published by Wiley-VCH GmbH


http://www.advancedsciencenews.com
http://www.advancedscience.com

ADVANCED
SCIENCE NEWS

ADVANCED
SCIENCE

Open Access,

www.advancedsciencenews.com

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.

Acknowledgements

The authors appreciate the cooperation of all the patients and their fam-
ilies. L.C. is in-charge of National Natural Science Foundation of China
(N0.82371255, N0.82071258, N0.81870889),Program for Shanghai Out-
standing Academic Leaders (23XD1402500), Program for Shanghai Medi-
cal Leading Talents (2022L)011), Training Program for Research Physicians
of Innovative Translational Ability (SHDC2022CRDO037), Shanghai Science
and Technology Innovation Action Plan (23DZ2291500). W.T. is in-charge
of the National Natural Science Foundation for Young Scholars of China
(No. 82201398).

Conflict of Interest

The authors declare no conflict of interest.

Data Availability Statement

Research data are not shared.

Keywords

functional connectivity, high-density electroencephalogram, oscillatory ac-
tivity, paroxysmal kinesigenic dyskinesia

Received: September 3, 2023
Revised: November 24, 2023
Published online: January 16, 2024

[11 X.-J. Huang, S.-G. Wang, X.-N. Guo, W.-T. Tian, F.-X. Zhan, Z.-Y. Zhu,
X.-M. Yin, Q. Liu, K.-L. Yin, X.-R. Liu, Y. Zhang, Z.-G. Liu, X.-L. Liu, L.
Zheng, T. Wang, L. Wu, T.-Y. Rong, Y. Wang, M. Zhang, G.-H. Bi, W.-G.
Tang, C. Zhang, P. Zhong, C.-Y. Wang, J.-G. Tang, W. Lu, R.-X. Zhang,
G.-H. Zhao, X.-H. Li, H. Li, et al., Mov. Disord. 2020, 35, 1428.

[2] A. Méneret, E. Roze, Rev. Neurol. 2016, 172, 433.

[3] M.K.Bruno, M. Hallett, K. Gwinn-Hardy, B. Sorensen, E. Considine,
S. Tucker, D. R. Lynch, K. D. Mathews, K. J. Swoboda, |. Harris, B.-
W. Soong, T. Ashizawa, . Jankovic, D. Renner, Y.-H. Fu, L. J. Ptacek,
Neurology 2004, 63, 2280.

[4] W.-T.Tian, F.-X. Zhan, Z.-H. Liu, Z. Liu, Q. Liu, X.-N. Guo, Z.-W. Zhou,
S.-G. Wang, X.-R. Liu, H. Jiang, X.-H. Li, G.-H. Zhao, H.-Y. Li, J.-G.
Tang, G.-H. Bi, P. Zhong, X.-M. Yin, T.-T. Liu, R.-L. Ni, H.-R. Zheng,
X.-L. Liu, X.-H. Qian, J.-Y. Wu, Y.-W. Cao, C. Zhang, S.-H. Liu, Y.-Y. Wu,
Q.-F. Wang, T. Xu, W.-Z. Hou, et al., Mov. Disord. 2022, 37, 545.

[5] H.-F. Li, Y-L. Chen, L. Zhuang, D.-F. Chen, H.-Z. Ke, W.-). Luo, G.-L.
Liu, S.-N. Wu, W.-H. Zhou, Z.-Q. Xiong, Z.-Y. Wu, Cell Discov. 2021, 7,
83.

[6] ).-L. Wang, L. Cao, X.-H. Li, Z.-M. Hu, J.-D. Li, J.-G. Zhang, Y. Liang,
San-A, N. Li, S.-Q. Chen, ).-F. Guo, H. Jiang, L. Shen, L. Zheng, X.
Mao, W.-Q. Yan, Y. Zhou, Y.-T. Shi, S.-X. Ai, M.-Z. Dai, P. Zhang, K.
Xia, S.-D. Chen, B.-S. Tang, Brain 2011, 134, 3493.

[7] W.-). Chen, Y. Lin, Z.-Q. Xiong, W. Wei, W. Ni, G.-H. Tan, S.-L. Guo,
J. He, Y.-F. Chen, Q.-J. Zhang, H.-F. Li, Y. Lin, S.-X. Murong, J. Xu, N.
Wang, Z.-Y. Wu, Nat. Genet. 2011, 43, 1252.

Ady. Sci. 2024, 11,2306321

(8]
9]

(1]

!
(2]
[13]
(14]
[15]
[16]

(7]

(18]

(19]

(20]
(21]
(22]

(23]

(24]
(25]
[26]

(27]

(28]
[29]

(30]
(31

(32]
(33]

(34]

www.advancedscience.com

W. Liu, Y. Xiao, T. Zheng, G. Chen, J Neuroimaging 2021, 31, 272.

J. Ren, D. Lei, T. Yang, D. An, F. Xiao, L. Li, X. Huang, Q. Gong, D.
Zhou, | Neurol Sci 2015, 351, 93.

A. Ekmen, A. Meneret, R. Valabregue, B. Beranger, Y. Worbe, |.-C.
Lamy, S. Mehdi, A. Herve, |. Adanyeguh, G. Temiz, P. Damier, D. Gras,
A. Roubertie, |. Piard, V. Navarro, E. Mutez, F. Riant, Q. Welniarz, M.
Vidailhet, S. Lehericy, S. Meunier, C. Gallea, E. Roze, Neurology 2022,
98, €1077.

B. Lu, S. S. Lou, R. S. Xu, D. L. Kong, R. J. Wu, J. Zhang, L. Zhuang,
X. M. Wu, J. Y. He, Z. Y. Wu, Z. Q. Xiong, Cell Rep. 2021, 36,
109743.

Y.-T. Liu, Y.-C. Chen, S.-Y. Kwan, C.-C. Chou, H.-Y. Yu, D.-]. Yen, K.-K.
Liao, W.-T. Chen, Y.-Y. Lin, R.-S. Chen, K.-Y. Jih, S.-F. Lu, Y.-T. Wu, P.-S.
Wang, F.-J. Hsiao, Front. Neurol. 2018, 9, 831.

M. O. E. Babiker, Dev Med Child Neurol 2018, 60, 533.

F.-). Hsiao, W.-Y. Hsu, W.-T. Chen, R.-S. Chen, Y.-Y. Lin, Clin EEG Neu-
rosci 2017, 48, 288.

W.-Y. Hsu, S.-Y. Kwan, K.-K. Liao, R.-S. Chen, Y.-Y. Lin, Mov. Disord.
2013, 28, 1728.

M. Seeber, L.-M. Cantonas, M. Hoevels, T. Sesia, V. Visser-
Vandewalle, C. M. Michel, Nat. Commun. 2019, 10, 753.

R. T. Toll, W. Wu, S. Naparstek, Y. Zhang, M. Narayan, B. Patenaude,
C. De Los Angeles, K. Sarhadi, N. Anicetti, P. Longwell, E. Shpigel, R.
Wright, J. Newman, B. Gonzalez, R. Hart, S. Mann, D. Abu-Amara, K.
Sarhadi, C. Cornelssen, C. Marmar, A. Etkin, AJP 2020, 177, 233.

Y. Zhang, W. Wu, R. T. Toll, S. Naparstek, A. Maron-Katz, M. Watts,
J. Gordon, ). Jeong, L. Astolfi, E. Shpigel, P. Longwell, K. Sarhadi, D.
El-Said, Y. Li, C. Cooper, C. Chin-Fatt, M. Arns, M. S. Goodkind, M.
H. Trivedi, C. R. Marmar, A. Etkin, Nat. Biomed. Eng. 2021, 5, 309.
W. Wu, Y. Zhang, ). Jiang, M. V. Lucas, G. A. Fonzo, C. E. Rolle, C.
Cooper, C. Chin-Fatt, N. Krepel, C. A. Cornelssen, R. Wright, R. T. Toll,
H. M. Trivedi, K. Monuszko, T. L. Caudle, K. Sarhadi, M. K. Jha, J. M.
Trombello, T. Deckersbach, P. Adams, P. ). Mcgrath, M. M. Weissman,
M. Fava, D. A. Pizzagalli, M. Arns, M. H. Trivedi, A. Etkin, Nat. Biotech-
nol. 2020, 38, 439.

L. Cao, X. Huang, N. Wang, Z. Wu, C. Zhang, W. Gu, S. Cong, |. Ma,
L. Wei, Y. Deng, Q. Fang, Transl Neurodegener 2021, 10, 7.

R. Aiyer, V. Novakovic, R. L. Barkin, Postgrad med 2016, 128, 656.

B. Clemens, A. Ménes, P. Piros, M. Bessenyei, A. Altmann, ). Jerney,
K. Kollar, B. Rosdy, M. Rézsavélgyi, K. Steinecker, K. Hollédy, Epilepsy
Res 2006, 70, 190.

B. T. Thomas Yeo, F. M. Krienen, J. Sepulcre, M. R. Sabuncu, D.
Lashkari, M. Hollinshead, ). L. Roffman, J. W. Smoller, L. Zsllei, J.
R. Polimeni, B. Fischl, J Neurophysiol 2011, 106, 1125.

J. F. Hipp, D. J. Hawellek, M. Corbetta, M. Siegel, A. K. Engel, Nat.
Neurosci. 2012, 15, 884.

G. L. Colclough, M. W. Woolrich, P. K. Tewarie, M. J. Brookes, A. ).
Quinn, S. M. Smith, Neurolmage 2016, 138, 284.

M. Siems, A.-A. Pape, J. F. Hipp, M. Siegel, Neurolmage 2016, 129,
345,

W.-T. Tian, X.-J. Huang, X.-L. Liu, J.-Y. Shen, G.-L. Liang, C.-X. Zhu,
W.-G. Tang, S.-D. Chen, Y.-Y. Song, L. Cao, Chin. Med. J. (Engl.) 2017,
130, 2088.

R. Patriat, E. K. Molloy, T. B. Meier, G. R. Kirk, V. A. Nair, M. E.
Meyerand, V. Prabhakaran, R. M. Birn, Neuroimage 2016, 78, 463.
O. Agcaoglu, T. W. Wilson, Y. P. Wang, |. Stephen, V. D. Calhoun, Hum
Brain Mapp. 2019, 40, 2488.

L. L. Colgin, Nat. Rev. Neurosci. 2016, 17, 239.

T. Abel, R. Havekes, ). M. Saletin, M. P. Walker, Curr. Biol. 2013, 23,
R774 .

J. Astrup, G. Blennow, B. Nilsson, Brain Res. 1979, 177, 115.

G. Assenza, F. Zappasodi, P. Pasqualetti, F. Vernieri, F. Tecchio, Restor.
Neurol. Neurosci. 2013, 31, 177.

A. K. Engel, P. Fries, W. Singer, NRN 2001, 2, 704.

2306321 (12 0‘F13) © 2024 The Authors. Advanced Science published by Wiley-VCH GmbH


http://www.advancedsciencenews.com
http://www.advancedscience.com

ADVANCED
SCIENCE NEWS

ADVANCED
SCIENCE

Open Access,

www.advancedsciencenews.com

[35] J. A. Cardin, M. Carlén, K. Meletis, U. Knoblich, F. Zhang, K.
Deisseroth, L.-H. Tsai, C. |. Moore, Nature 2009, 459, 663.

[36] X.Li, D. Lei, R. Niu, L. Li, X. Suo, W. Li, C. Yang, T. Yang, J. Ren, W. H.
Pinaya, Hum. Brain. Mapp. 2021, 42, 398.

[37] H.-F. Li, L. Yang, D. Yin, W.-). Chen, G.-L. Liu, W. Ni, N. Wang, W. Yu,
Z.-Y.Wu, Z. Wang, Parkinsonism Relat Disord 2019, 62, 134.

Adv. Sci. 2024, 11,2306321

www.advancedscience.com

[38] R.S. Marapin, H. J. Van Der Horn, A. M. M. Van Der Stouwe, . R.
Dalenberg, B. M. De Jong, M. A. ). Tijssen, Neuroimage Clin 2023, 37,
103302.

[39] Z.-Y.Li, W.-T. Tian, X.-J. Huang, L. Cao, Mov. Disord. 2023, 38, 537.

[40] F.Binda, P. Valente, A. Marte, P. Baldelli, F. Benfenati, Neurobiol. Dis.
2021, 7152, 105275.

2306321 (13 of 1 3) © 2024 The Authors. Advanced Science published by Wiley-VCH GmbH


http://www.advancedsciencenews.com
http://www.advancedscience.com

	An Electroencephalography Profile of Paroxysmal Kinesigenic Dyskinesia
	1. Introduction
	2. Experimental Section
	2.1. Participants
	2.2. Assessment
	2.3. Resting-State EEG Acquisition
	2.4. EEG Pre-Processing
	2.5. Power Spectrum and Functional Connectivity Analyses in Source Space
	2.6. The Discrepancy in Functional Connectivity Between PKD Subtypes and HCs
	2.7. Identification of Remission State Based on CPM
	2.8. Statistical Analysis

	3. Results
	3.1. Epidemiologic Characteristics of Enrolled PKD Patients
	3.2. An Electroencephalography Profile of PKD
	3.3. Abnormal Neural Activity in PKD
	3.4. Neural Activity Changed After PKD Remission
	3.5. The Specific Role of Theta and High-Gamma Oscillations in PKD
	3.6. Performance of Prediction Models for Identifying Remission State

	4. Discussion
	4.1. The Increased Theta Oscillation Is a Crucial Feature of PKD and May be Related to the Abnormal Psychological State of PKD
	4.2. Decreased High-Gamma Functional Connectivity Is Associated Explicitly with Motor Symptoms of PKD
	4.3. PKD Is a Network Disorder Involving Almost All Brain Regions
	4.4. Limitations

	5. Conclusion
	Supporting Information
	Acknowledgements
	Conflict of Interest
	Data Availability Statement

	Keywords


