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Abstract

Background—@Gait impairment has a major impact on quality of life in patients with Parkinson’s
disease (PD). It is believed that basal ganglia oscillatory activity at p frequencies (15-30 Hz)

may contribute to gait impairment, but the precise dynamics of this oscillatory activity during gait
remain unclear. Additionally, auditory cues are known to lead to improvements in gait kinematics
in PD. If the neurophysiological mechanisms of this cueing effect were better understood they
could be leveraged to treat gait impairments using adaptive Deep Brain Stimulation (aDBS)
technologies.
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Objective—We aimed to characterize the dynamics of subthalamic nucleus (STN) oscillatory
activity during stepping movements in PD and to establish the neurophysiological mechanisms by
which auditory cues modulate gait.

Methods—We studied STN local field potentials (LFPs) in eight PD patients while they
performed stepping movements. Hidden Markov Models (HMMs) were used to discover transient
states of spectral activity that occurred during stepping with and without auditory cues.

Results—The occurrence of low and high B bursts was suppressed during and after auditory
cues. This manifested as a decrease in their fractional occupancy and state lifetimes. Interestingly,
a transients showed the opposite effect, with fractional occupancy and state lifetimes increasing
during and after auditory cues.

Conclusions—We show that STN oscillatory activity in the a and p frequency bands are
differentially modulated by gait-promoting oscillatory cues. These findings suggest that the
enhancement of a rhythms may be an approach for ameliorating gait impairments in PD.

Keywords

Brain-states decoding; Auditory cues; Parkinson’s disease; Masking empirical mode
decomposition; Hidden Markov model

1 Introduction

Gait impairment is a major cause of disability in Parkinson’s disease (PD) [1]. Gait
disturbances confer an increased risk of falls, in turn leading to morbidity related to

injury and a loss of both independence and quality of life [2,3]. Traditional therapeutic
approaches for PD, including dopaminergic drug therapy and deep brain stimulation (DBS)
of basal ganglia structures (e.g., subthalamic nucleus (STN) or globus pallidus), are often
insufficiently effective for treating gait symptoms and may even lead to a worsening

of gait [ [4-6]]. There is consequently a need to develop a better understanding of the
neurophysiology of gait impairments, so that improved therapies can be developed.

Recent studies of patients undergoing DBS surgery have revealed how synchronized
oscillatory activity across the cortico-basal ganglia circuit can contribute to gait kinematics
and motoric impairments in PD [ [7-11]]. For example, it has been shown that excessive
STN activity at beta frequencies (15-30 Hz), which is traditionally thought to be related

to both bradykinesia and rigidity, can also precede episodes of freezing of gait (FOG).
Consistent with this observation is the finding that both motor cortical and STN beta
activity display gait phase-locked modulations during walking [9]. Interestingly, cortico-
STN synchronisation at lower frequencies within the alpha band (8-12 Hz) is also observed
during gait execution, with FOG episodes being reportedly accompanied by transient
decoupling of alpha synchronisation [11]. These findings suggest opposing roles for alpha
and beta synchronisation in gait control.

One way of improving gait coordination in PD is to present rhythmic visual or auditory
cues during stepping [ [12-15]]. Auditory cueing may enhance both walking speed and
stride length, in addition to amelio-rating FOG episodes [ [14-23]]. Although we have
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previously shown that cueing to the timing of a heel strike can modulate STN beta activity,
the short timescale dynamics of cue-related STN activity modulations remain unclear

[9]. Establishing these dynamics would be important for identifying biomarkers of both
normal and abnormal gait in PD. Specifically, the discovery of oscillatory signatures that
reliably reflect clinical state is of great interest, given that these signals could be selectively
modulated (either amplified or suppressed) using adaptive DBS (aDBS) regimes [24,25].

Traditional approaches for identifying spectral activations at short timescales (known as
bursts) rely on the prior specification of an amplitude threshold, which defines the onset

and offset of a burst [[26-28]]. This method becomes challenging when attempting to define
bursts over multiple participants and frequency bands [29,30]. In this paper, we overcome
these limitations by using an unsupervised machine learning approach - Hidden Markov
Modelling (HMM) [31] - to detect bursting dynamics within the STN during stepping in

PD patients. We hypothesized that: (1) STN bursting activity within the alpha and beta
bands would be differentially modulated during stepping, in keeping with the notion that
activity within these frequency bands has opposing effects on gait, and (2) that auditory cues
enhance gait-related modulation of activity within these two frequency bands.

2 Materials and methods

2.1 Patients and experiments

Eight PD patients with bilateral STN DBS electrodes were included (clinical details in Table
1). These data have been previously used to study the effects of rhythmic auditory cues

on STN B band modulation during periodic alternating stepping movements in the seated
position, and behavioral analyses (step-to-cue difference and step-to-step duration) have
been performed to measure the synchronisation of stepping to auditory cues [9]. In this
study, we investigate the short timescale spectral dynamics of the STN LFP during visually
cued alternating stepping movements: 1) prior to the delivery of auditory cues, 2) during
the occurrence of auditory cues, and 3) after the occurrence of auditory cues. We refer to
these three experimental conditions as the pre-sound, on-sound and post-sound conditions.
The inclusion of a post-sound condition allowed us to explore the carry-over effects of the
auditory cueing rhythm. The overall algorithm flow is shown in Fig. 1.

Patients had an average age of 61.4 + 4.6 yrs (range 56—71 yrs) and an average disease
duration of 11.3 £+ 3.5 yrs (range 7-16 years). The mean Unified Parkinson’s Disease
Rating Scale (UPDRS) scores (part 111) were 44.1 + 13.6 (range 28—-66) and 17.5 + 9.6
(range 8-36) in the off-levodopa and on-levodopa states. All experimental procedures were
approved by the local ethics committee with informed written consent being sought from
all participants. LFP recordings were performed in the on-levodopa state, 3—7 days after
electrode implantation surgery.

During recordings, patients sat in a chair with their arms resting on their laps. Two flat-plate
pressure sensors were placed on the floor to record right- and left-foot stepping movements.
An instructional walking video that looped after each stepping cycle (alternate left and right
foot heel strike, separated by a delay of 1 s) was displayed on a laptop in front of the
patient. Patients were instructed to synchronize the timing of their footsteps to match the
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timing of the footsteps of the video character. A metronome sound was provided at the

time of each heel strike displayed in the video besides visual cues. This provided additional
information. Patients performed three different stepping conditions in a fixed order, each
with a duration of 84 s. In the pre-sound and post-sound conditions, stepping was performed
only with the visual cue, whilst in the on-sound condition both auditory and visual cues
were provided, thereby allowing us to investigate the carry-over effects of exposure to the
auditory cue. Fig. 2 depicts the experimental paradigm with the three different stepping
conditions. Based on the timing of the actual heel strikes and the timing of the heel strikes
in the instructional video, we calculated the step-cue interval (the time difference between
each real heel strike and the nearest corresponding heel strike in the video) and the step-step
interval (time interval between the present heel strike and the next (contralateral) heel strike)
as measures of gait performance. These measures were then compared between the three
sound conditions.

A TMSi Porti amplifier (TMS International) with a common average reference was used
to record STN-LFPs in a monopolar configuration from each of four electrode contacts

(0, 1, 2, and 3; 0 being the most caudal), with a sampling rate of 2048 Hz. The data

were re-referenced offline to obtain more spatially focal bipolar signals by subtracting data
from neighboring electrode contacts. Consequently, the three resulting bipolar signals were
derived from contacts 0-1, 1-2, and 2-3. Before further analysis, the reconstructed bipolar
signals were downsampled to a frequency of 1000 Hz.

Localisation of the electrodes with respect to the STN was confirmed by inspection of the
post-operative CT, which was fused to the pre-operative MRI scan [9]. For all electrodes, at
least one of the selected contacts was visually confirmed to lie within the motor part of the
STN [9].

2.2 Data processing and time-frequency analysis

All data processing and analysis were performed in MATLAB (v2019a, MathWorks, Natick,
MA). For each subject, the single bipolar STN LFP channel with the greatest mean power
over the uniform distributed 8-35 Hz frequency range (including alpha and beta bands)

was selected for further analysis. Raw LFPs were notch filtered at 50 Hz to suppress

power line noise, and then high pass filtered at 8 Hz, using a sixth-order Butterworth filter.
Data fragments with poor filtering effects were discarded by visual inspection (i.e., strong
instrument noise). Of note, data containing steps that failed to synchronize to the visual
cues (i.e., a step-cue interval longer than 1 s and a step-step interval longer than 2 s) were
rejected. Across subjects, the mean number of steps rejected due to poor synchronisation
was 4.2 % (see Supplementary Table 1 for further details). This procedure ensured that data
segments that were contaminated by brief FOG episodes or attentional lapses were excluded
from analysis. Next, signals were lowpass filtered at 48 Hz (using a sixth-order Butterworth
filter), before being downsampled to a frequency of 100 Hz.

To observe how the frequency dynamics of a signal vary over time, the spectrogram of the
preprocessed LFP was constructed by continuous Morlet wavelet transform with the wavelet
cycle set to span six cycles [32].
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2.3 Time-delay embedded hidden Markov model

The Hidden Markov model (HMM) is an unsupervised machine learning approach for
detecting transient states within the data such as spectral events or bursts [27, 29, [33-35]].
The HMM assumes that data are generated from a hidden sequence of a finite number of
states. At each time point, only one state is active, and the data observed in each state are
drawn from a probabilistic observation model, i.e., a multi-variate Gaussian.

We used a specific variant of the HMM known as the time-delay embedded hidden Markov
model (TDE-HMM). In this approach, an input signal is shifted by A/ different time lags on
either side of the current time point, giving 2N/ + 1 channels for HMM inference [27,35].
This allows the model to infer states as periods of distinct autocovariance representing
transient episodes of distinct spectral content [29]. In contrast to traditional threshold-based
approaches, HMMs allow for the automatic detection of bursting activity across multiple
frequency bands [26,27].

TDE-HMM inference requires the number of states and time lags under consideration to be
predefined. The number of time lags determines the window duration such that A/ lags means
that the window includes A data points on either side of the timepoint under analysis. Short
windows allow for better temporal resolution at the expense of frequency resolution. Here,
we performed inference for 12 states and 3-time lags (further details regarding parameter
selection are provided in the Supplementary Material). The TDE-HMM analysis was
performed using the HMM-MAR MATLAB toolbox (https://github.com/OHBA-analysis/
HMM-MAR).

2.4 Masking empirical mode decomposition

Empirical mode decomposition (EMD) decomposes signals into a finite number of intrinsic
mode functions (IMFs), wherein each IMF contains local characteristic information of the
original signal at different time scales [36]. The input signal can therefore be expressed as
the sum of multiple IMFs and a residual term:

1) = XY IMF, (1) + Res()

@

where /(4 is the input signal, /MF;;, (1) denotes the m™ IMF component, and Res(# stands
for the Residual term.

Developments in EMD approaches include the masking EMD (MEMD) algorithm, which
can overcome issues of mode mixing and mode splitting [ [37-40]]. MEMD involves the
application of a continuous sinusoidal masking signal that is closely related in frequency to
a physiological band of interest. The masking signal can be subsequently removed from an
associated IMF, allowing that IMF to capture dynamics within a frequency band of interest
[41,42]. In this study, the frequency bands of interest were the alpha (a, 8-12 Hz), low beta
(LB, 13-21 Hz), high beta (HB, 22-35 Hz), and gamma (7y ~ 40Hz) bands.
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2.5 Assigning HMM states to IMF frequency bands

We used IMFs corresponding to the four frequency bands of interest, to select states
identified from the HMM for further analysis. We correlated each state time course
identified from the HMM with Hilbert envelopes of the a, low-B, high-p, and y frequency
activities obtained by MEMD (i.e., IMFs). HMM states with exclusively negative correlation
coefficients were assigned to background activity (BG). States with positive correlations
were assigned to the frequency band with which they were maximally correlated. This
procedure meant that more than one HMM state could be assigned to a single frequency
band [27] and allowed us to ensure that our states captured information about transient
spectral activity within physiological bands of interest.

2.6 Feature extraction of HMM states

The above procedure was applied for the selected channel of all subjects. Spectral
characteristics of identified states were determined using the multitaper method [43], with a
taper smoothing frequency of 3.125 Hz (the time-half-bandwidth product was 4 and the total
number of tapers used was 7).

Time domain features [44] were also extracted from the model for comparison across the
three sound conditions. These included fractional occupancy (FO), which was defined as the
proportion of time that each HMM state occupied over the entire time sequence. The FO of a
specific state kis given by:

FOW) = 43 (5= =)
t

@

where T is the total number of time points, and s;is the number of time points at which state
kwas active. State lifetime (LT) was defined as the average duration of each state before
transition to another state. For a specific state kthis is defined as:

Y= =k
LifeTimes(k) = IMT

®)

where occ(K) represents the number of occurrences of state 4.

The transition probability (TP) from each state to every other state (including itself) was also
obtained from the TDE-HMM model.

2.7 Burst recognition by amplitude thresholding

We compared our automated TDE-HMM based pipeline for detecting bursts, to a manual
pipeline based on threshold crossings of the amplitude envelope of band-filtered signals
[28]. The 75th percentile [28] of the Hilbert envelope of each band-filtered signal
(corresponding to the a., LB, HP, and y bands) was used as a threshold to define

Brain Stimul. Author manuscript; available in PMC 2024 May 29.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Yeh et al.

Page 7

the occurrence of bursting activity. Importantly, a common threshold was used across
experimental conditions separately for each band. This was calculated by averaging the
thresholds across conditions. Such threshold-based approaches allow for states to be co-
active (not mutually exclusive), but a major drawback is the assumption of a fixed FO (of 25
%) across conditions for each band. State LTs were estimated as before for each band, for
each of the three different experimental conditions. For the threshold-based approach, there
is no generative model with which to infer a transition probability matrix. The results of this
approach are discussed in the Supplementary Material (see Supplementary Fig. 2).

2.8 Statistical analysis

For comparing state features across frequency bands and sound conditions, we used the
Wilcoxon signed-rank test, (a. = 0.05). Multiple comparison correction was performed using
the Benjamini-Hochberg false discovery rate (FDR) method on the comparisons between
the three sound conditions in each frequency band and the 25 comparisons of the transition
probabilities. All results are presented in box-and-whisker plots with a box from the first
quartile to the third quartile and a horizontal line in the middle representing the median. The
top and bottom whiskers link the maximum and minimum values.

3 Results

3.1 Comparing gait performance between experimental conditions

The mean and variance across patients of the step-cue interval is shown in Fig. 3. The

mean step-cue interval was significantly lower in the post-sound condition than in the
pre-sound condition (p = 0.0469). For the comparison between the on-sound condition

and the pre-sound condition, there was a trend towards a significant effect (p = 0.0586).
Additionally, the variance of the step-cue interval was reduced in the on-sound and in the
post-sound conditions compared to the pre-sound condition (on vs. pre: p = 0.0234; post vs.
pre: p = 0.0234). For the step-step interval, the only significant effect was a reduction in the
mean in the post-sound condition, compared to the on-sound condition (p = 0.0469). Taken
together, these results suggest that auditory cues result in sustained improvements in gait
performance in PD.

3.2 Decoding HMM states

We observed that the TDE-HMM effectively identifies transient spectral states in the STN
LFP. Fig. 4 shows the results of state estimation for a 4-s long LFP in a single participant
(Subject 4) during the experimental paradigm. The second panel in this figure displays the
time course for each different state. For example, between 2.52 and 2.64 s, there was a
spectral peak at ~20 Hz which corresponded to a single state shown in the yellow line
(black botted box). Between 2.95 and 3.04 s, there was a spectral peak at ~36 Hz which
corresponded to a single state shown in the purple line (black dotted box).

3.3 Decomposition performance using masking EMD

Masking EMD was used to extract IMFs corresponding to the classical LFP frequency
bands. Illustrative results of this decomposition for Subject 4 are shown in Fig. 5. The
left-hand side of the figure shows IMFs corresponding to the canonical LFP bands (a,
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low-B, high-B, and -y), whilst the right-hand side displays the corresponding frequency
spectra of the IMFs. The four IMFs shown have spectral power peaks at about 10 Hz, 18 Hz,
29 Hz, and 40 Hz, respectively.

3.4 Assignhing HMM states to canonical frequency bands

By assigning HMM states to the canonical frequency bands, we were able to compare states
across subjects [35]. Fig. 6(a) shows 12 states that were decoded from HMM analysis in

a single patient (Subject 4) during the stepping task. Following the correlation of the state
time courses with IMFs, we were able to narrow down the selected states to those that
corresponded most to each canonical frequency band. The spectra of states corresponding to
each canonical frequency band are shown in Fig. 6(b).

3.5 Temporal features dynamics of LFP in different bands during stepping

To probe the influence of different sound conditions on the temporal dynamics of frequency
band-specific HMM states, we compared two different time domain features (fractional
occupancy and state lifetimes).

Fig. 7 reveals that auditory cues resulted in differential effects on FO within the a and L
bands. In the a band, FO increased in the on-sound and post-sound conditions compared
to the pre-sound condition (on vs Similarly, Fig. 10 shows the comparison of transition
probability pre: p=0.0117; post vs pre: p=0.0117). In the L band, FO was significantly
reduced in the on-sound condition compared to the pre-sound condition (p = 0.0234).

Effects on state lifetimes are shown in Fig. 8. For the a band, state lifetimes were
significantly higher in the on-sound condition compared to the pre-sound condition (on
vs pre: p=0.0234).

LB band state lifetimes were shorter on-sound and post-sound compared to pre-sound (on vs
pre: p=0.0352, post vs pre: p=0.0234).

Similar effects were also observed for the HB band (on vs pre: p=0.0234, post vs pre: p=
0.0234). No significant differences were observed in other bands.

3.6 The effect of auditory cues on transition probabilities

Next, we examined how transitions between states were influenced during auditory cueing.
We explored differences in the transition probabilities between states for all pairwise
comparisons of the three different auditory conditions.

Fig. 9 shows the comparison of transition probability differences between the on-sound
and pre-sound conditions for different frequency bands. In the on-sound condition, there
was a significant increase in the probability of transitioning from the a band to BG (p <
0.001). Additionally, decreased transition probabilities were found for the following state
transitions: 1) Lp to iy (p=0.0122), 2) BG to a (p < 0.001).
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Similarly, Fig. 10 shows the comparison of transition probability differences between the
post-sound and pre-sound conditions. Only a significant increase for the a to BG transition
(o to BG: p=10.0173) was observed.

Fig. 11 compares transition probabilities for the post-sound and on-sound conditions. For the
a band, there was a significant decrease in the probability of transitioning to the BG (p =
0.0076). For L band, transitions to HP were less likely (o= 0.0038), whilst transitions to

vy were more likely (p=0.0310). Additionally, y band transitions to HB (v = 0.0155) were
less likely. Finally, an increase in the probability of transitioning from the BG state to a (p <
0.001) was observed.

4 Discussion

In this study, we develop a novel decoding approach - based on the combination of

MEMD and TDE-HMM - for discovering how auditory cues modulate STN activity at

short timescales during stepping in PD patients. We show that auditory cues can influence
the properties of states corresponding to activity within multiple frequency bands. Our
findings shed light on the mechanisms through which auditory cues improve gait and
suggest biomarkers for gait improvement which could be targeted using aDBS strategies. We
will first discuss some technical nuances of our approach, before focusing on physiological
insights.

4.1 Performance of MEMD-based TDE-HMM in decoding STN oscillatory states

Compared to traditional manual thresholding-based approaches for burst detection [28], the
combination of MEMD and TDE-HMM allows for the automated identification of bursts
across multiple frequency bands, without imposing fractional occupancy constraints (see
Supplementary Materials for further discussion).

MEMD is an improved method for non-stationary time series that is based on standard
EMD. In addition to minimizing mode mixing [38] and mode splitting [37], MEMD enables
the resultant IMFs to more accurately reflect activity within classical EEG bands of interest
(i.e., a band, B band, etc. See Fig. 5).

By correlating HMM-identified state time courses with the Hilbert envelope of each IMF,
we were able to reliably identify states that captured activity within physiological bands of
interest across subjects.

One important limitation of the HMM however is the assumption that different states

are mutually exclusive [27,45]. The model selected the state with the highest occurrence
probability from multiple states inferred at each time point to form STCs. Brain dynamics
are complex, and it may be an oversimplification to assume that multiple states cannot be
simultaneously active.

4.2 Modulatory effect of auditory cues on gait and STN oscillatory states

In keeping with previous studies, we observed that auditory cues improved gait performance
in PD patients [14,15]. This was evidenced by a cue-related reduction in both the mean
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and the variance of the step-cue interval (see Fig. 3). Importantly, cueing effects were
persistent and continued into the post-sound period, suggesting sustained modulations of
neural activity.

We next explored auditory cue-related modulations in the short timescale spectral dynamics
of stepping-related STN activity. Our analyses focused on four canonical frequency bands,
a, LB, HB, and y. We observed that the FO and LTs of B states, particularly L states, were
reduced during stepping with auditory cues. Interestingly, auditory cues had a prolonged
effect on LP and HP state LTs, such that they were reduced after the cueing had stopped in
the post-sound condition (Figs. 7 (b) and Fig. 8(b)).

Our findings suggest that auditory cueing may promote gait partly through the suppression
of exaggerated STN P band activity. This is perhaps not surprising given that exaggerated
oscillatory activity within this frequency range has been closely associated with motoric
impairments including gait freezing [10, 26, [46-49]].

In contrast to the B band, a band states displayed enhanced FO and LTs during and after
auditory cues. Although the precise role of alpha band activity is unclear, recent reports
suggest that synchronizing activity within this frequency range may produce prokinetic
effects [50]. Another equally plausible possibility is that a. band synchronisation may
support attentional and executive processing involved in gait and motor preparation [51].
Although -y band activities are widely believed to have prokinetic effects [52], we observed
no auditory cue-related changes in their FO and state LTs.

Finally, we observed that auditory cues also modulated the transition probabilities of
individual states, including the a, L, -y, and background activity bands. The reduced
transition probability from background activity to a states indicates that alpha states were
more sustained, or potentially stable as also shown in the lifetime analysis. However, we
also observed an increased probability of alpha to background state transitions, which was
most pronounced when the sound was present and persisted — although weaker — during
post-sound stepping. An increased likelihood of transitioning to BG activity should go hand
in hand with a reduced likelihood of transitioning from alpha to beta and gamma states -
however, these changes were only moderate and not significant.

Interestingly, the probability of state transitions from low beta to gamma in the on-sound
condition was reduced, although this was accompanied by a non-significant effect of
reduced transitions from the alpha and BG states to low beta activity. These unbalanced

and opposing effects may explain the relative reduction in cue-related low beta FO and state
LTs.

Previous analysis of the same data has shown that high beta activity was particularly
strongly modulated by the left-right alternating stepping cycle, and that bursts around 30 Hz
were more likely during the contralateral stance period, which was further enhanced with
auditory cueing [9]. Splitting the high beta band further into 20-25 and 26-30 Hz might
have resulted in more pronounced changes in the higher Hp band. However, correcting

for an even larger number of multiple comparisons would have reduced our chance of
identifying small effects.
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The observed changes in state transition probabilities may be the mechanism that underlies
the observed changes in FO and state LTs for the a and B bands. Future studies with larger
sample sizes could enable more detailed examinations of this.

4.3 Limitations

Several limitations should be highlighted for interpreting the results of this study. Firstly,
LFP recordings could potentially have been affected by microlesions caused by the electrode
insertion procedure. Secondly, LFPs were recorded while patients performed stepping
movements whilst seated. Reassuringly, however, previous analysis of a subset of data from
the same subjects included in this study has revealed very similar STN spectral modulations
during stepping while standing, and free walking [9]. This serves to highlight the potential
applicability of our findings to cued free walking.

5 Conclusions

We have combined MEMD and TDE-HMM to decode dynamic brain states during cued
stepping in PD patients. Our results indicate that auditory cues, which are known to improve
gait performance, exert differential effects on STN LFP activity within the a and § bands.
Specifically, auditory cues led to the enhancement of a band activity, whilst reducing

the probability of B synchronisation. Our findings reveal a potential neurophysiological
mechanism for the effects of auditory cues and could help inform therapeutic aDBS
strategies that could be tailored to intermittently enhance a band activity while suppressing

B.
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mean step-step interval, and (d) step-step interval variance, for 8 subjects. *p < 0.05, **p <
0.01, ***p < 0.001.
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Fig. 4. A 4-slong preprocessed L FP recording (Subject 4) which contains 4 steps.
The top panel is the preprocessed LFP. The red dashed lines represent auditory cues,

whilst the grey lines correspond to the stepping movements. The middle panel displays the
probability time courses for the HMM states. The bottom panel shows the corresponding
time-frequency spectra calculated using the wavelet transform. In this, the red dashed line
represents auditory cues, whilst the white dashed line represents stepping movements.
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Fig. 7.

Comparisons of fractional occupancy between the three sound conditions (pre, on, and post
sound cues) for the different frequency bands (a, LB, HB, v, BG from left to right panels).
Each dot represents one subject. *p < 0.05, **p < 0.01, ***p < 0.001.
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Fig. 9. Pairwise band comparisons of transition probability differences between the on-sound
and pre-sound conditions.

*p < 0.05, **p < 0.01, ***p < 0.001.
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Fig. 10. Pairwise band comparisons of transition probability differences between the post-sound
and pre-sound conditions.

*p < 0.05, **p < 0.01, ***p < 0.001.

Brain Stimul. Author manuscript; available in PMC 2024 May 29.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Yeh et al.

Post-sound vs On-sound

Page 25

1.0 . ‘
5 05
= : ; 3 :
e : : : :
:ollgnls BRI 87
7 0.0— . . o o E. . . . . .:. . . . . .: o o . . . :-.. . . o —
z + +%I %‘ 1 1 l
= é i | |

-0.5- 1

_1.0 1 l 1 : G : T G T G

¢ ¢ ¢
0% \0‘& “\% ‘°h\ g, wo%?o“\‘% "w \;& \xs %&o q&‘g\\o?’ »\\ﬁ\xo\fxo\’& ‘?\”\ %C’q,(} \oz?o\w ‘gioq’

Fig. 11. Pairwise band comparisons of transition probability differences between the post-sound

and on-sound conditions.
*p <0.05, **p < 0.01, ***p < 0.001.
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Table 1
Clinical characteristics of study participants.
SUBID Age Gender Main Symptom Disease UPDRSH 1 L evodopa DBS Lead
Duration (yrs) OFF/ON equivalent dose
L evodopa (mg/d)
1 59 M tremor, bradykinesia, 7 53/18 1195 Boston Scientific
dyskinesia DB-2202
2 64 F rigidity, tremor, FOG 16 66/36 1628 Boston Scientific
DB-2202
3 59 M fluctuations, tremor 14 36/8 1062 Medtronic3389
4 56 M fluctuations, dyskinesia 7 42/26 1365 Medtronic3389
5 62 M tremor, rigidity, dyskinesia, 12 59/15 1000 Medtronic3389
mild FOG
6 71 M tremor, FOG 15 36/18 785 Boston Scientific
DB-2202
7 61 M rigidity 9 33/11 1293 Medtronic3389
8 59 M tremor, 10 28/8 1010 Boston Scientific
mild FOG DB-2202

M, male; F, female; FOG, freezing of gait.
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