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Abstract

Freezing-of-gait (FOG) and impaired walking are common features of Parkinson’s dis-
ease (PD). Provision of external stimuli (cueing) can improve gait, however, many cue-
ing methods are simplistic, increase task loading or have limited utility in a real-world
setting. Closed-loop (automated) somatosensory cueing systems have the potential
to deliver personalised, discrete cues at the appropriate time, without requiring user
input. Further development of cue delivery methods and FOG-detection are required
to achieve this. In this feasibility study, we aimed to test if FOG-initiated vibration cues
applied to the lower-leg via wearable devices can improve gait in PD, and to develop
real-time FOG-detection algorithms. 17 participants with Parkinson’s disease and daily
FOG were recruited. During 1 h study sessions, participants undertook 4 complex walk-
ing circuits, each with a different intervention: continuous rhythmic vibration cueing
(CQ), responsive cueing (RC; cues initiated by the research team in response to FOG),
device worn with no cueing (NC), or no device (ND). Study sessions were grouped
into 3 stages/blocks (A-C), separated by a gap of several weeks, enabling improve-
ments to circuit design and the cueing device to be implemented. Video and onboard
inertial measurement unit (IMU) data were analyzed for FOG events and gait metrics.
RC significantly improved circuit completion times demonstrating improved overall
performance across a range of walking activities. Step frequency was significantly
enhanced by RC during stages B and C. During stage C, > 10 FOG events were recorded
in 45% of participants without cueing (NC), which was significantly reduced by RC.

A machine learning framework achieved 83% sensitivity and 80% specificity for FOG
detection using IMU data. Together, these data support the feasibility of closed-loop
cueing approaches coupling real-time FOG detection with responsive somatosensory
lower-leg cueing to improve gait in PD.

Keywords: Parkinson’s disease, Freezing of gait, Cueing, Somatosensory, Wearable,
Vibration, Machine learning, Movement, Festination

Background

Parkinson’s disease (PD) is a progressive, neurodegenerative disorder that impairs the
ability to control movement, with an estimated prevalence of 108-257/100,000 [1]. In
the UK, approximately 145,000 people live with PD, a figure projected to pass 200,000
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by 2035 [2]. PD is characterised by loss of dopaminergic neurones of the substantia
nigra pars compacta, and by aggregation of misfolded alpha-synuclein in intracellu-
lar Lewy bodies, resulting in a number of motor pathologies including bradykinesia,
rigidity, resting tremor, postural instability and gait defects including freezing-of-gait
(FOQG) [1]. FOG is an inability to initiate or maintain normal walking patterns, often
resulting in a stochastic stop-start gait. FOG affects approximately 38% of PD patients
and is associated with reduced quality of life and loss of independence [3, 4], whilst
contributing to the two-fold increased risk of falling (and related injuries) with PD
[5]. Current strategies to manage FOG include pharmacological interventions, physi-
otherapy, brain surgery (including deep brain stimulation/DBS) and cueing.

FOG transiently improves during the ‘on state’ following antiparkinsonian drug
administration, yet this effect is diminished in older patients with more advanced
disease [4], and FOG symptoms persist in many patients in the on state [4, 6], dem-
onstrating that medication alone is insufficient to prevent FOG. Engagement with
structured exercise programmes and balance training improves gait and stability [7,
8], although these interventions do not directly address FOG, highlighting the need
for interventions targeting both postural instability and FOG [9]. Surgical interven-
tions including bilateral deep brain stimulation (DBS) of the subthalamic nucleus can
improve postural stability, gait and off-period related FOG [10-13]. However, DBS is
currently used in<5% of the PD population and alternative approaches to improve
mobility more widely are urgently needed.

Cueing is defined as ‘using external temporal or spatial stimuli to facilitate gait ini-
tiation and continuation’ [14], and is endorsed by the Royal College of Occupational
Therapists as a method to facilitate gait and other motor skills. Focusing attention
on the external cue, rather than spontaneous walking, enables individuals to initiate
and maintain gait [15, 16]. Visual, auditory and somatosensory cueing modalities have
been demonstrated to improve gait in PD [17-19]. Visual cues include targets placed/
projected on the floor [20, 21], displays or augmented reality devices [22, 23]. Vis-
ual cueing has been shown to improve walking speed and stride length in PD during
free [22] or treadmill [21, 24] walking, whilst reducing the need for stabilising sup-
port [20]. However, visual cueing methods may distract or disturb vision, or adversely
impact posture (looking downward). A systematic review of 50 published studies
(involving 1892 participants) reported that rhythmic auditory cueing increases walk-
ing speed and stride length whilst reducing cadence [17]. In one study, rhythmic audi-
tory stimulation delivered ahead of a FOG-inducing challenge showed a significant
and stable reduction in number and duration of freezing episodes [25].

Although most cueing studies have used visual or auditory cues, rhythmic soma-
tosensory cueing is a viable alternative [26]. Application of rhythmic vibration cues
to the wrist during gait training programmes can increase walking speed and stride
length, improve balance and reduce FOG severity [14, 27, 28]. Similarly, a small elec-
trical stimulus can improve gait initiation [15]. Whilst the effect of cueing to improve
gait is clear, the effect on overcoming FOG is inconsistent in the literature, likely due
to the stochastic nature of this pathology and the large variation in study design, cue
type and delivery method.
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Closed-loop cueing systems couple cue delivery with a feature of the cued individual,
requiring both sensor and actuator functions. Demonstrations of closed-loop systems
include delivery of vibration cues to the wrist at a set point of the gait cycle (biofeed-
back) to reduce FOG [29, 30], coupling augmented reality visual displays to movement
[23] or triggering audible cues upon deviation from a set cadence [31]. Likewise, another
study used arm angle/swing to activate wrist vibration cues which improved step length,
although FOG was not assessed [32]. An advanced closed-loop concept is the provision
of cues in response to FOG to re-start gait: such systems have the potential to reduce
task loading for the individual, representing a significant advancement over self-acti-
vated cues. Although devices capable of coupling sound cues with FOG-detection have
been reported, the impact of this cueing mode on FOG-incidence and gait metrics is
unclear [33, 34]. Another study delivered single-leg continuous (non-rhythmic) vibration
stimulation upon FOG during guided straight line walking: this proprioceptive stimulus
reduced the length of initial FOG events [35]. Key remaining challenges for closed-loop
systems include improving real-time FOG detection and coupling this with effective and
unobtrusive cue delivery in a real world setting [19].

In this study we aimed to investigate the feasibility of delivering rhythmic vibration
cues to the lower leg in response to gait freezing, to improve gait and reduce FOG in
PD patients during complex walking tasks, and to develop algorithms capable of using
real-time movement data from lower leg IMU sensors to identify FOG and other gait
features. This information is critical to establish closed-loop, FOG-responsive rhythmic
vibration cueing systems.

Results

The study cohort

17 participants diagnosed with PD and self-reporting multiple daily FOG events were
recruited to the study: baseline participant characteristics are presented in Table 1, and
pre-study questionnaire responses summarised in Additional file 2: Table S1. Mean age
was 74.5 years (range 60—84), with mean time since PD diagnosis 9.6 years (range 5-21).
18% of the cohort were female, 53% of the cohort suffered from festinating gait along-
side FOG, and 29% reported a history of falling. 12 participants returned the optional
FOG questionnaire (Additional file 2: Table S2), which revealed a mean FOG score of
15.1 with a range of 9-21 (0 represents no evidence of FOG; 24 represents extremely
debilitating FOG preventing walking), which indicated we have captured a meaningful
cross section of people with PD and FOG in our cohort. The pre-study questionnaire
responses also indicate a range of activity levels, perceived triggers for FOG and tech-
niques currently used to overcome freezing (including ‘none; ‘internal cueing, ‘pause
and restart’ and ‘change in posture’). No serious adverse events and no falling events
occurred during the study sessions.

Stage A

During stage A the functionality, safety, efficacy and comfort of rhythmic vibration cues
were assessed, using a device prototyped at the University of Oxford (Additional file 2:
Fig. S1; Materials and Methods). Participants undertook 4 circuits, receiving a different
intervention per circuit, with the ordering of interventions systematically varied for each
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Table 1 Participants'baseline characteristics

ParticipantID  Age Gender  Years since Self-reported gait characteristics

PD diagnosis

Festination  Daily Freezing Falls  FoG score

PO 75-79  Male 5-9 Yes Yes Yes 9.0
P1 75-79  Male 5-9 Yes Yes 125
P2 75-79  Male 10-14 Yes 14.0
P3 75-79  Male 10-14 Yes Yes 10.0
P4 75-79  Male 5-9 Yes Yes
P5 65-69  Male 10-14 Yes Yes 18.0
P6 75-79  Male 10-14 Yes Yes
p7 70-74  Male 5-9 Yes 12.0
P8 80-84  Male 5-9 Yes Yes
P9 75-79  Male 10-14 Yes Yes Yes 21.0
P10 80-84  Male 20-24 Yes Yes
P11 65-69  Female 5-9 Yes 15.0
P12 80-84  Female 10-14 Yes
P13 75-79  Female 5-9 Yes Yes 120
P14 65-69  Male 15-19 Yes Yes Yes 210
P15 65-69  Male 10-14 Yes 210
P16 60-64  Male 5-9 Yes 15.5

participant (Fig. 1). Interventions were no device (ND); device worn, no cueing (NC);
device worn, responsive cueing (RC; cues initiated by the research team in response to
FOG); device worn, continuous cueing (CC). Each circuit consisted of 5 activity seg-
ments (Additional file 2: Fig. S2a—e). Video data files were fragmented and viewed in
random order without sound by 3 observers blinded to NC/RC/CC intervention type,
but not ND: therefore, NC was used as the baseline control during pairwise analysis.

12 participants attended stage A (Fig. 1). Upon commencing the study one partici-
pant (P10) was deemed to have a high fall risk and was withdrawn. The remaining 11
participants completed all 5 segments of the 4 circuits. Multiple linear regression was
conducted with step frequency as the dependent variable, and participant [1-11], inter-
vention type (1-4) and intervention circuit position (1-4) as independent variables: of
these, only ‘intervention type’ contributed significantly to the model (P<0.05; Table 2).
Pairwise analysis of step frequency with either RC or CC, relative to the NC control,
did not identify any statistically significant changes between intervention types (Fig. 2a).
However, a trend for individuals with a low baseline step frequency (NC <75 steps/min)
to increase step frequency with active cueing was observed, whereas participants with
a higher baseline step frequency (NC> 75 steps/min) showed a tendency to reduce step
frequency with cueing (Fig. 2a), suggesting that cueing may help to regulate step fre-
quency toward an optimal target.

We next quantified circuit completion time which captures aggregated walking per-
formance throughout a range of complex activities. Pairwise analysis revealed a signifi-
cant reduction in completion time with both RC and CC interventions, relative to the
NC control, indicating that both forms of cueing improve walking performance (Fig. 2b).
Next, we analyzed step symmetry (rhythm), which is defined as the difference in tim-
ing between alternating steps. Most participants showed step symmetry between 0 and
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Fig. 1 Study organisation. The study was organized in 3 stages (A-C) separated by short gaps to enable

data analysis, revision of activity circuits, device servicing/improvement and participant recruitment. Each
stage consisted of a series of 1 h study sessions, each involving a different participant who undertook 4
activity circuits. One of the following interventions was applied during each circuit: no device (ND); device
worn, no cueing (NC); device worn, responsive (FOG-initiated) rhythmic vibration cueing (RC); device worn,
continuous rhythmic vibration cueing (CC). The ordering of these interventions was systematically alternated
for each participant as indicated. Each circuit consisted of a series of activity segments: the number of activity
segments completed per circuit was dependent on the ability of each participant, as indicated

Table 2 Step Frequency Multiple linear regression

Fit dF  ANOVA P-Value Coefficients (P values)

R? Residual F Participant Intervention type Intervention
circuit
position

StageA 0186 3 40 3.043  0.04* 0.053 0.034% 0.466
StageB 032 3 28 5868  0.003* 0.003* 0.014* 0.927
StageC 0268 3 40 1.034 0388 0.112 0.499 0.954

Multiple linear regression using step frequency as the dependent variable, and participant ID, intervention type (1-4) and

intervention circuit position (1-4) as independent variables. *P < 0.05

Page 5 of 22
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Fig. 2 Gait metrics from analysis of Stage A video data. Participants in stage A each undertook a 1 h study
session consisting of 4 activity circuits, with one of the following interventions applied during each circuit: no
device (ND); device worn, no cueing (NC); device worn, responsive (FOG-initiated) rhythmic vibration cueing
(RC); device worn, continuous rhythmic vibration cueing (CC). Video data were analyzed by 3 observers
blinded to intervention (except ND) using GaitAnalyst software and a mean value generated for each metric
during each circuit. a Mean step frequency (steps/min). b Total time to complete the circuit (seconds). ¢ Step
symmetry index (0= perfect symmetry). d Number of freeze events detected per circuit. e cumulative freeze
time per circuit (seconds). f Cumulative freeze time as a percentage of circuit completion time. Individual
data points shown represent the mean response for an individual participant (n=11). A Kolmogorov—-
Smirnov test was run to test parametric distribution. Data in (a, b) were normally distributed and analyzed
using paired t-tests. Data in (c—f) were not normally distributed and were analyzed using Wilcoxon
matched-pairs signed rank tests. Significant differences indicated by asterisks: P<0.05%, P<0.01**

0.1 (with zero being perfectly symmetrical), although two participants showed very large
deviations. Overall, no statistically significant effect of cueing on step symmetry was
detected (Fig. 2¢).
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FOG events were identified from video data which, due to the cross-sectional cohort,
were highly variable: two participants showed a high FOG rate (>20 FOG events per cir-
cuit), whereas 3 participants showed no FOG. Due to the low levels of FOG recorded, no
significant differences were observed in the number of freeze events (Fig. 2d) or cumula-
tive FOG duration (Fig. 2e, f) across the cohort. However, there were several participants
who showed a marked reduction in freeze time with responsive or continuous cueing.

Post-study questionnaires (Additional file 2: Table S3) revealed that 54% of partici-
pants perceived that cueing improved their walking. 75% of participants suggested that
the vibration should be stronger. 2 participants suggested that vibration strength should
be variable depending on the situation (‘stronger on a bad day, weaker on a good day’), 1
participant stated that cue frequency should be ‘tuned to their pace in different environ-
ments, and another found the cue frequency to be ‘too fast when turning and too slow
on the straight! 6 participants showed either no freezing or a single FOG event, with
one participant remarking that the circuits could be more challenging. All participants
reported that the device was comfortable, with one stating that it was ‘very light and I
didn’t notice it’ and another found the cue to be ‘comforting’ and ‘soothing’

Stage B

Based on participant feedback the device was modified to incorporate more powerful
vibration motors (amplitude increased from 1.49G to 4.51G), and activity circuits were
revised to be more challenging but with fewer segments to simplify logistics (Additional
file 2: Fig. S3). Finally, the IMU device capability was activated to enable onboard collec-
tion of movement data.

8 participants took part in stage B with one participant completing all 4 segments
of each circuit, and 7 participants completing 1-3 segments (Fig. 1), indicating that
the revised circuits pose an appropriate walking challenge for our cohort. Multiple
linear regression of step frequency revealed that both ‘intervention type’ and ‘par-
ticipant’ contributed significantly (P <0.05) to the model (Table 2). Further analysis
revealed that step frequency increased significantly with both RC and CC, relative
to NC (Fig. 3a). In addition, a significant reduction in circuit completion time with
RC and CC, relative to NC (Fig. 3b), was observed, reproducing the positive effect
recorded in stage A. Taken together, these data reflect an improvement in walking
ability within the cohort when assisted with either cueing modality. Interestingly,
the mean step frequency at baseline (NC) in stage B was 74 steps/min, whereas in
stage A this was 96 steps/min: this is likely driven by differences in the cohort/par-
ticipants and activity circuits. This may explain in part why for stage A we saw a
trend for reduced step frequency in individuals with higher baseline step frequency,
but an increase in step frequency for all participants in stage B where baseline step
frequency was lower. The step symmetry index was higher in stage B relative to stage
A, indicating worse step symmetry. There were no significant differences between
the intervention types (Fig. 3c), although a non-significant trend toward improved
step symmetry (reduced symmetry index) was observed in 6 participants with RC
relative to NC. Quantification of FOG events showed substantial variation in the
cross-sectional cohort: whilst some evidence for FOG was detected in all stage B
participants, this was highly variable, with two participants showing minimal (1 or
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Fig. 3 Gait metrics from analysis of Stage B video data. Participants in stage B each undertook a 1 h study
session consisting of 4 activity circuits, with one of the following interventions applied during each circuit: no
device (ND); device worn, no cueing (NC); device worn, responsive (FOG-initiated) rhythmic vibration cueing
(RC); device worn, continuous rhythmic vibration cueing (CC). Video data were analyzed by 3 observers
blinded to intervention (except ND) using GaitAnalyst software and a mean value generated for each metric
during each circuit. a Mean step frequency (steps/min). b Total time to complete the circuit (seconds). ¢ Step
symmetry index (0= perfect symmetry). d Number of freeze events detected per circuit. e cumulative freeze
time per circuit (seconds). f Cumulative freeze time as a percentage of circuit completion time. Individual
data points shown represent the mean response for an individual participant (n=8). A Kolmogorov-Smirnov
test was run to test parametric distribution. Data in (a) were normally distributed and analyzed using paired
t-tests. Data in (b, c-f) were not normally distributed and were analyzed using Wilcoxon matched-pairs signed
rank tests. Significant differences indicated by asterisks: P<0.01**
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less) FOG events and three participants showed >10 FOG events. Due to this het-
erogeneity and low levels of FOG in most participants, no significant differences in
the overall number or duration of FOG episodes were detected (Fig. 3d—f), although
some participants did show a reduction with cueing.

Post-study questionnaire responses (Additional file 2: Table S4) revealed that 75% of
participants perceived that cueing improved their walking, of which 2 participants found
that cueing helped them concentrate. Only 25% of participants suggested the cue should
be stronger: one suggested it should be ‘stronger, less diffuse and sharper” and that ‘the
cues tended to blend into each other’ whilst another stated that ‘it should be stronger on
my bad side’ indicating that the ability to vary cue intensity independently on each leg
could be a useful feature. One participant remarked that they ‘liked having their hands
free’ during cue delivery, whilst another indicated that they would like the option of a
manual trigger. All participants said that wearing the device was comfortable. One par-
ticipant said that they had suffered from cramps for several days, and that the rhythmic
vibration had a ‘soothing effect. One individual commented that they thought the device
should be quieter.

Stage C

During stage C, activity circuit segment 3 was updated to increase the walking time
and complexity of the circuit (Additional file 2: Fig. S4). The device software was fur-
ther improved with a wider value range of configurable parameters (including vibration
intensity, duration and frequency) to better personalise the cue for each individual.

11 participants took part in stage C of which 6 completed all 4 circuits (Fig. 1). In con-
trast to prior study stages, none of the independent variables predicted step frequency
using multiple linear regression (Table 2), perhaps reflecting the high degree of varia-
tion across the cohort. However, pairwise analysis revealed a significant increase in step
frequency with RC relative to the NC, but not for CC (Fig. 4a). Furthermore, a highly
significant reduction in circuit completion time was identified for participants receiving
RC, relative to the NC control (Fig. 4b). CC also reduced completion time, which was
approaching the threshold for significance (P=0.054). As in previous study stages, step
symmetry was highly variable and did not show any statistically significant association
with cueing, although an improvement was noted in some cued individuals (Fig. 4c). In
contrast to prior study stages, 5 participants showed >10 FOG events during baseline
NC circuits (Fig. 4d), representing a higher FOG incidence. RC significantly reduced
the overall number of freeze events (Fig. 4d). There was a trend for CC to reduce FOG
events and freeze time, but this was not significant across the cohort (Fig. 4d—f).

Post-study questionnaires (Additional file 2: Table S5) revealed that 91% of partici-
pants perceived that cueing improved their walking, with several participants noting
it helped them to ‘slow down’ their walking pace, to ‘focus’ and ‘concentrate’ (PO, P1,
P7, P11). One respondent noted that the ‘responsive cue really changed my walking: it
helped me initiate walking with my right or left leg; usually I lead with my left, and that
I felt more relaxed and it helped me multitask......... giving me more time to judge where
I'm going and better navigate corners’ The cueing was noted for preventing stride length
from shortening (P14), both in straight lines and around corners, which is also captured
in quantitative video and IMU data presented below (Fig. 5). All participants felt the
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Fig. 4 Gait metrics from analysis of Stage C video data. Participants in stage C each undertook a 1 h study
session consisting of 4 activity circuits, with one of the following interventions applied during each circuit: no
device (ND); device worn, no cueing (NC); device worn, responsive (FOG-initiated) rhythmic vibration cueing
(RC); device worn, continuous rhythmic vibration cueing (CC). Video data were analyzed by 3 observers
blinded to intervention (except ND) using GaitAnalyst software and a mean value generated for each metric
during each circuit. a Mean step frequency (steps/min). b Total time to complete the circuit (seconds). ¢ Step
symmetry index (0= perfect symmetry). d Number of freeze events detected per circuit. @ cumulative freeze
time per circuit (seconds). f Cumulative freeze time as a percentage of circuit completion time. Individual
data points shown represent the mean response for an individual participant (n=11). A Kolmogorov—
Smirnov test was run to test parametric distribution. Data in (a) were normally distributed and analyzed using
paired t-tests. Data in (b, ¢-f) were not normally distributed and were analyzed using Wilcoxon matched-pairs
signed rank tests. Significant differences indicated by asterisks: P <0.05%, P<0.001***

device and cue were comfortable, although 2 noted it should be quieter. Most felt the cue
intensity and frequency were appropriate, but some suggested cueing could be adjusted
for different scenarios (e.g., outside vs inside).
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Detection of step frequency and step length from onboard IMU data

During study stages B and C, movement data were captured from onboard IMUs, ena-
bling extraction of step frequency and stride length data, with verification against video
data. These analyses were undertaken during the TUG segment, as this relatively sim-
ple walking task enabled clear comparisons across participants and between video and
IMU data, with accurate calibration of distance travelled. The results reveal that step
frequency calculated from IMU data shows very similar trends to video analysis data
(Fig. 5), with 6 of the 8 participants in stage B (Fig. 5a), and 9 of the 11 participants in
stage C (Fig. 5e), showing a reduction in IMU step frequency. However, the reduction in
step frequency with RC did not reach statistical significance with IMU data (Fig. 5a, e),
in contrast to video data (Fig. 5b, f), suggesting that IMU analysis is less sensitive. How-
ever, step length calculated using both IMU and video data was significantly enhanced
by RC and CC (Fig. 5¢, d, g, h).

Development of real time FOG detection and gait analysis algorithms
A key requirement for closed-loop cueing systems is the development of accurate
FOG-detection and gait analysis algorithms, fast enough to coordinate real-time cue-
ing responses and efficient enough to run on a typical microcontroller in a battery-
powered wearable device. The main limitation for speed is the fast Fourier transform
(FFT), a critical step for freeze index computation. For the embedded microprocessor
in the GaitThaw device (Teensy 3.6), the expected computational cycle for a 256 point
FFT is 114 ps, which yields 342 ps for 3-axis IMU data. This is considerably lower than
the 10-15 ms IMU acquisition cycle required to obtain walking data [34, 37]. However,
since this is a sliding window problem (only one of the 256 data points is updated at each
cycle), Sliding Discrete Fourier Transform [38] was employed, further reducing compu-
tation time. Runtime system evaluation revealed an acquisition rate of 82 Hz while com-
puting gait features and performing FOG detection. The software sketch used a total of
70kB of program storage and 20kB of dynamic memory, both 7% of the available mem-
ory for Teensy 3.6. Thus, memory usage is not a constraint for the proposed framework
with these device specifications.

Initial testing of the proposed FOG detection framework was performed using
published IMU data from the lower leg of n=10 people with PD performing walking

(See figure on next page.)

Fig. 5 Comparison of gait analysis using IMU and video data. During stages B and C inertial measurement
unit (IMU) data was collected using the GaitThaw device. Analysis of IMU data during the timed-up-and-go
(TUG) test (segment 1) enabled comparison with observer analysis of video data during stage B (a-d)

and stage C (e-h). Interventions analyzed were device worn, no cueing (NC); device worn, responsive
(FOG-initiated) rhythmic vibration cueing (RC); device worn, continuous rhythmic vibration cueing (CC). a
Step frequency from IMU data during stage B. b Step frequency from video data during stage B. ¢ Step length
from IMU data during stage B. d Step length from video data during stage B. e Step frequency from IMU
data during stage C. f Step frequency from video data during stage C. g Step length from IMU data during
stage C. h Step length from video data during stage C. Individual data points on graphs represent the mean
response for an individual participant (a—-d, n=_8; e-h, n=11), with standard deviation indicated (a, b, €, f).
A Kolmogorov-Smirnov test was used to test parametric distribution. Data in (a, b, d, f, g, h) were normally
distributed and analyzed using paired t-tests. Data in (c, ) were not normally distributed and were analyzed
using Wilcoxon matched-pairs signed rank tests. Significant differences indicated by asterisks: P <0.05%,
P<0.01**
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Fig.5 (See legend on previous page.)

tasks in a controlled environment [34]. Importantly, these data have been manu-
ally annotated for FOG events, enabling use as a ground truth for machine learning.
Leave-one-out cross-validation was used to assess the performance of our proposed

framework, resulting in an average sensitivity and specificity across all participants of
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91% and 89%, respectively, comparable to other machine learning experiments using
this dataset [39, 40]. The FOG detection framework was next applied to IMU data
from the present study (NC), which contained 694 FOG events scored by an observer.
A receiver operating characteristic (ROC) curve of the Random Forest Classifier for
FOG detection was generated (Fig. 6) and leave-one-out cross-validation yielded 83%
sensitivity and 80% specificity for FOG detection. This is an acceptable level of accu-
racy, especially considering the variation in walking ability and FOG incidence in our
relatively small cross-sectional cohort, which represents real world variations in FOG
and gait when performing complex activities. Further improvement in FOG detection
accuracy may be achieved with larger training data sets, and by clustering subjects
according to walking quality/characteristics and training separate classifiers for these

discrete groups.

Discussion
In this study, we investigated the feasibility of delivering rhythmic vibration cues to the
lower leg in response to gait freezing, to improve gait and reduce FOG. Our study has
revealed that both responsive (transient cueing triggered remotely by the research team
in response to FOG) and continuous cue delivery (continuous cueing throughout the
walking circuit) can improve walking quality, as reflected in several metrics captured
from video analysis data scored by blinded observers. A key metric is circuit comple-
tion time, as this captures the efficiency with which the individual navigates all activ-
ity segments posed, therefore, capturing the ability to initiate, maintain and coordinate
gait throughout a range of walking, turning and other challenges. Responsive vibration
cueing consistently and significantly improved circuit completion times throughout the
three study stages, demonstrating the acute, positive impact of FOG-responsive (simu-
lated closed-loop) vibration cues on freezing and walking ability throughout a complex
series of tasks that reflect challenges found in the everyday environment.

Another important gait metric, and primary outcome measure for this study, is step
frequency, which increased significantly across the cohort when responsive cueing was

a ROC curve
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Fig. 6 Evaluation of automated FOG-detection. We applied our FOG detection machine learning framework
to IMU data collected during stages B and C, using observer analysis of video data as ground truth. The
receiver operating characteristic (ROC) curve of the Random Forest Classifier for FOG detection is shown, with
specificity (X-axis) plotted against sensitivity (Y-axis)
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provided during stages B and C, demonstrating the impact of cue delivery. Interestingly,
when analysing just the TUG segment, responsive cueing reduced the step frequency
from the high baseline level recorded during the relatively unhindered straight walking
of TUG. This suggests that responsive cueing helps to regulate step frequency toward
the optimal target provided by the rhythmic cue. This is further reinforced by our obser-
vations during stage A where cueing had no significant impact on the higher average
baseline step frequency observed during the less-challenging activity circuits, relative
to stages B and C, suggesting no further gains to mean step frequency were provided
by external cueing in this context. A prior study reported that delivery of continuous
vibration cues from a waist mounted metronome disrupted gait relative to sound cues,
and that switching cue confused some participants [41]. In the present study we saw no
evidence for a disruption of gait by vibration cueing to the lower leg, but rather improve-
ments in step frequency, stride length, circuit completion time and FOG incidence (with
RC). The increase in stride length observed with both responsive and continuous cueing
during free walking reproduces previous observations with visual cueing [24]. There was
no evidence for a placebo effect of simply wearing an inactive device, as no significant
differences between ND and NC were detected for any of the metrics analyzed.

A key strength of this study is our focus on testing the acute impact of responsive and
continuous cueing on FOG, in a cross-sectional cohort. FOG is a stochastic event and
attempting to capture this during a 1 h study session is challenging. Although all partici-
pants reported daily gait freezing upon entry to the study, we observed a high degree of
heterogeneity during the study sessions: some participants did not freeze at all, whilst
others had repeated FOG events at baseline. During stages A and B, levels of freezing
at NC baseline were relatively low: during stage A, only 2 participants had > 10 freeze
events and >30 secs total freeze time; during stage B, no participants had > 10 freeze
events, and 1 participant had a total freeze time of > 30 secs. Therefore, it is not surpris-
ing that cueing did not reduce the already low FOG rate during stages A and B. In con-
trast, participants in stage C demonstrated a higher rate of FOG: 5 individuals had > 10
FOG events and > 30secs total freeze time at NC baseline. Importantly, the acute provi-
sion of somatosensory cues in response to FOG, but not continuous cues, significantly
reduced the number of FOG events during stage C, suggesting that provision of respon-
sive cueing reduces the likelihood of future FOG events. However, the duration of total
FOG events was not altered: one explanation could be that the cued individual is spend-
ing time processing how to respond to the cue [31]. Therefore, future studies may wish
to incorporate additional cue-response training to test if this reduces total freeze time.
The lack of a significant impact of continuous cueing on FOG events could be due to
habituation.

Although many participants had minimal (1 or less) FOG events at NC baseline, and
other gait metrics were variable across the cohort, the majority of participants perceived
that cueing improved their walking: 50% (6 out of 12) during stage A; 75% (6 out of 8)
during stage B; 91% (10 out of 11) during stage C. This increase in the perceived benefits
of cueing may in part be due to the improvements made to the device between study
stages, following participant feedback, which included increasing the strength and dura-
tion of vibrations. Another feature that was recommended by multiple participants is
the ability to vary cue intensity and frequency on the fly: this could, for example, enable
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a lower frequency to be provided during tight turns, and a higher frequency during open
walking. Whilst our data indicate that somatosensory cueing to the lower leg can reg-
ulate step frequency, similar to other forms of rhythmic cueing, future studies should
carefully consider how cue intensity and frequency are controlled during cue delivery in
different contexts, to better personalise the cue to the individual in a given environment.
Finally, several participants reported that the cue was ‘comforting, ‘soothing’ and ‘helped
me to concentrate’ This reinforces the wider potential benefits of cueing to help support
confidence in walking, but could also suggest that for some individuals a stronger cue
may be required.

This study was designed to closely mimic challenges faced by people with PD in the
real world. First, the study site selected was a ground level physiotherapy clinic, rather
than a hospital setting. Second, participants navigated a series of walking/activity cir-
cuits, some including additional task loading, rather than straight line walking or use
of a treadmill: this ensures that we capture cumulative gait performance across a range
of different challenges. Third, we asked participants not to change their usual medi-
cation routine to capture a cross section of the PD population in their typical state.
Fourth, our use of lightweight, discrete wearable cueing devices worn discretely on the
lower legs, with no reported discomfort or evidence for trip hazards or gait impedi-
ment, indicate that this approach is safe and feasible in the everyday environment over
longer periods of time. This was a feasibility study with a relatively small sample size.
Although a positive impact on gait was identified which is encouraging, these results
need to be validated in a larger study. This is particularly important given the person-
to-person variation in gait metrics, FOG incidence and response to cueing observed in
this study. Whether FOG-responsive or continuous somatosensory cueing can reduce
fall risk was not tested in this study as we excluded participants with a high fall risk.
However, the small, but significant reduction in FOG incidence, if extrapolated across
a larger number of people, would be expected to reduce the risk of falling. Moreover,
the regulation of step frequency observed during active cueing, along with several ques-
tionnaire comments that the cueing helped people to concentrate, could have a positive
impact on fall risk [5]. Another limitation of our findings is that only 3 out of 17 par-
ticipants recruited were female: although PD has a higher prevalence in men [42], and
FOG has a higher prevalence in men with PD [4], this does not explain why only 18%
of the cohort recruited were female: future research will need to further validate FOG-
responsive cueing in women. Future studies will be required to determine the long-term
efficacy of FOG-responsive vibration cueing. As cues are delivered only when required,
this may reduce the potential for habituation or fatigue. Moreover, studies of continuous
rhythmic cueing during gait training have demonstrated improved walking ability after a
period of several weeks [27, 43]. Although posture was not assessed in the present study,
prior reports have used cueing as a form of feedback to improve posture [44, 45]: There-
fore, cueing in and of itself is unlikely to have a detrimental effect on posture. Finally,
future research will be required to investigate the interaction between FOG-responsive
cueing, antiparkinsonian medication, PD stage and other features of the disease.

A key component required for successful development of closed-loop cueing is accu-
rate real-time detection of FOG. For example, the current DeFOG trial is testing the
effect of FOG-triggered auditory cueing and instruction [46]. The accuracy of our
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machine learning framework was slightly lower when using IMU data from the present
study compared to using the Bachlin et al. data set [34], probably due to the heterogene-
ity in walking ability and FOG in our cross sectional study: this does, however, provide a
realistic indication of how the algorithm will behave in an unsupervised real-world set-
ting. Further training/testing of this algorithm using IMU and video data sets gathered
from larger cohorts of people with PD will be required prior to deployment in studies
in the home environment where ground truth video data would not be available, and
where more complex movement patterns may yield less accurate and representative
features from IMU data [47]. Future developments in FOG detection that adapt to the
users walking characteristics and cue responses would be an important step towards
personalised cue delivery. Moreover, a tantalising prospect is identification of pre-FOG
signatures from IMU data or other sensors, to pre-empt the onset of FOG and deploy
responsive cueing early to maintain gait. Finally, the use of IMU data to quantify step
frequency and stride length indicate this could be used to support gait monitoring in the
everyday environment, providing valuable information for managing PD.

Conclusions

This study reports improvements in gait and FOG with responsive vibration cue-
ing in PD and provides a framework for real-time gait analysis and FOG detection for
embedded devices. Together, these data demonstrate the feasibility of closed-loop cue-
ing approaches to improve gait and reduce FOG in PD. Future development of variable
cueing modalities, combined with adaptive gait analysis and FOG detection algorithms,
would enable personalised closed-loop cueing for people with PD.

Methods

Study design

This feasibility study was conducted in accordance with the Declaration of Helsinki
and was approved by the UK NHS Health Research Authority Southwest-Frenchay
Research Ethics Committee (ref. 18/SW/0253). The study was sponsored by the Univer-
sity of Oxford, and funded by a Wellcome Trust Institutional Strategic Support Fund
Translational Award (ISSF 204826/Z/16/Z). The study was retrospectively registered
with clinicaltrials.gov (NCT05019469; 23/08/2021). The study sessions were conducted
between 11" March and 22" July 2019 at a private physiotherapy studio in Cassington,
Oxfordshire (The Bosworth Clinic) under a contract with the University of Oxford. Dur-
ing all study sessions, participants were closely supervised and supported by a qualified
neurophysiotherapist.

The study was organized into three stages, A—C, separated by gaps of a few weeks for
device development (following participant feedback), revision of study activity circuits,
data analysis and participant recruitment (Fig. 1). Each stage consisted of a series of 1 h
study sessions, each attended by a different participant. During each study session, par-
ticipants were instructed to navigate a circuit consisting of a series of walking segments
(Fig. 1; Additional file 2: Fig. S2—S4), with each segment using a seated start and finish.
Each participant would attempt the circuit 4 times, with one of the following interven-
tions applied during each circuit: no device (ND); device worn, no cueing (NC); device
worn, responsive (FOG-initiated) cueing (RC); device worn, continuous cueing (CC).
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The cue was a rhythmic vibration applied to the gastrocnemius muscle of both legs: fre-
quency was adjusted to the approximate natural walking pace of each participant, and
intensity adjusted to ensure each participant could comfortably feel the cue. Ordering of
interventions was systematically alternated for each participant as they joined the study
(Fig. 1), to minimise the potential for a training effect or fatigue to influence any one
intervention. If a participant was judged unlikely to be able to complete all 4 circuits in
full, then the number of segments per circuit was reduced. Responsive cueing consisted
of delivery of vibration cues triggered remotely by the research team upon observing
gait freezing, with cues stopped a few seconds after normal walking resumed, simulating
closed-loop (automated) cueing. Continuous cueing was provision of left-right vibra-
tion cues throughout the entire circuit. Some participants took part in multiple study
stages (A—C), some just one (Fig. 1). Participants completed questionnaires before and
after each study session (Additional file 2: Tables S1-S5). The pre-study questionnaire
(Additional file 2: Table S1) was designed to qualitatively assess walking ability, FOG,
and strategies currently used to manage walking. Completion of an optional pre-study
FOG questionnaire [48] provided a standardised FOG score (Additional file 2: Table S2).
The post-study questionnaire (Additional file 2: Tables S3—S5) was designed to qualita-
tively assess participants’ interaction with the device and cue, their perception of their
walking quality whilst being cued, and how this cueing modality could be improved.

Participants and recruitment

Eligible participants were those diagnosed with PD, aged 18-90 years of age, who suf-
fer from regular gait freezing (several times daily) but are able to walk unassisted for
short periods. Eligible participants were recruited to the study following distribution of
the study flyer to PD outpatient clinics at the John Radcliffe Hospital, local Parkinson’s
UK support groups and private physiotherapy clinics in the Oxfordshire area. Eligible
participants were required to be willing and able to give informed consent for partici-
pation in the study and to comply with all study requirements, as well as being fluent
in English, and with a clinical diagnosis of Parkinson’s disease or idiopathic Parkinson’s
disease. People that were deemed unable to participate safely in the study due to severe
mental impairment, dementia or psychosis, or any other significant disease or disorder,
were excluded. Other exclusion criteria included current participation in a clinical drug
trial, pregnancy or breastfeeding. People with a high frequency of falls (daily), who have
received DBS, or who have been diagnosed with atypical parkinsonism were excluded.
We did not mandate that participants attend in the ON or OFF state, but rather asked
participants to follow their usual medication routine when taking part in the study. 17
participants were recruited who all provided written informed consent.

Design and construction of the ‘GaitThaw’ movement-tracking cueing device.

To enable delivery of vibration cues to the lower legs on demand, and the simultaneous
tracking of participants’ leg movements, the non-invasive wearable ‘GaitThaw’ device
was prototyped at the University of Oxford. The device consists of two 3D-printed bio-
compatible PLA plastic boxes (approximately the size and weight of a smartphone),
which are worn around the lower leg using nylon elasticated straps either against the
skin, or over an item of clothing, with the box against the gastrocnemius muscle
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(Additional file 2: Fig. S1a). Each box contains a printed circuit board (PCB) powered by
a 3.7 V Lithium polymer battery, assembled with RoHS-compliant commercial modules
including accelerometers and gyroscopes (movement tracking with 6 degrees of free-
dom), vibration motors for cue delivery, wireless transceivers, real-time clock, memory
and basic components (Additional file 2: Fig. S1b, c). Detection of walking metrics from
lower leg sensors has been reported to be more accurate than knee or waist locations
[34]. The devices are linked by radio to enable coordinated delivery of vibration cues
and recording of data. A third unit contains a control button which can be used by the
research team to remotely configure and trigger cue delivery. Engagement of multiple
vibration motors enabled cue intensity to be increased for patients with poor sensation.
During device development members of the research team wore the device for many
hours without any discomfort or other issues.

Outcomes

Primary objective: to test if FOG-initiated vibration cues, provided at the lower-leg, can
improve gait in PD patients. The primary outcome measure is step frequency: a statis-
tically significant improvement of active cueing over no-cueing will indicate improved
gait. Other gait quality measures include frequency of gait freeze events, duration of gait
freeze events, continuous walking time, left/right rhythm, stride length, up and go time
(seated to standing to walking). Secondary objective/outcome: to develop algorithms
capable of identifying gait freeze events in real time using participant movement data,
with > 80% accuracy.

Video data, observer analysis and software development

All study participants consented to video recording of the study sessions. We devel-
oped custom gait analysis software coded in Python3.3 (‘GaitAnalyst’), to enable indi-
vidual steps and other events/gait features to be marked and time-stamped against
video recordings using keyboard strokes during video playback, which could be run at
half and quarter speeds to increase accuracy of feature analysis (Additional file 2). We
provide open access to the software here: https://github.com/dongchengli940126/KeyPr
essedTimeVideoRecord. Video recordings were fragmented into individual files for each
segment (4 per circuit, 16 per 1 h session) and sound removed. Video recordings were
viewed in random order and scored independently by 3 observers who had been trained
to recognize the relevant gait features (all video recordings were scored by all 3 observ-
ers). Gait features scored are listed in Fig. 2—4 and the Additional file 1. During video
analysis, individual keyboard strokes were used to record left and right foot strikes, pro-
viding the data to calculate step frequency (foot strikes per minute) and step symmetry
(difference in timing between alternating steps with zero being perfectly symmetrical).
Key strokes were also used to record the start and end of FOG events, enabling the
number of FOG events and freeze time to be calculated. Each observer could recognize
the no-device (ND) group, however, they were blinded with regard to the no-cue (NC),
responsive cue (RC) and continuous cue (CC) interventions. Therefore, during pairwise
statistical analysis, the active cueing groups (RC and CC) were compared with the device
no-cue (NC) control, to avoid the potential for observer bias. The percentage coefficient
of variation (%CV) between observer scores for stage A was 0.65 for step frequency, 0.14
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for circuit completion time, 17.9 for step symmetry, 18.2 for freeze number, 19.7 for
freeze time (secs) and 15.6 for freeze time (% completion time).

Automated gait analysis algorithms using inertial measurement unit (IMU) data

Feature extraction from accelerometer data for FOG detection

First, the ‘freeze index’ was calculated, which is the ratio of the power of the freeze band
(3 and 8 Hz) to the walking band (0.5 and 3 Hz) [49]. Since this ratio can be very high
when there is little movement (e.g. standing still), a complementary feature, band power,
was defined as the total power between 0.5 and 8 Hz. Other features that were used were
variance of acceleration, L1 and L2 norms of acceleration [39] and entropy [40]. All fea-
tures were computed for each accelerometer axis (X, Y, Z) using 256 points windows
(about 2.5 s of data).

Machine learning for FOG detection

Supervised machine learning was performed using a random forests classifier in Python
with the Scikit-Learn package. Random forest classification was selected as it is inher-
ently fast, consisting of a sequence of binary classification trees, and is therefore better
suited to real-time FOG detection than more demanding algorithms such as Support
Vector Machine. As FOG detection is a highly imbalanced classification problem (i.e.,
the duration of normal walking greatly overwhelms that of FOG), the cost function was
set to be 10 x greater for false negatives (missed FOG) than false positives (incorrect
detection of FOG). The random forest was set to have a maximum size of 15, with 25
trees being trained and pruning enabled. Real-time working principles were applied dur-
ing machine learning.

Calculation of step frequency and stride length from IMU data

Step frequency was estimated by summing steps detected and averaging over the dura-
tion of the circuit. Steps were identified by applying peak detection to gyroscopic data.
Stride length was computed by extracting horizontal acceleration from IMU data, and
integrating this for each pair of steps that make up the gait cycle, whilst correcting for
velocity drift. This method was previously shown to generate < 10% error when estimat-
ing stride length of people with PD [50]. Both stride length and step frequency estima-
tion methods were implemented in Matlab v.2018b (MathWorks Inc. Natick, MA, USA).

Sample size

As this is a feasibility/pilot study, step frequency data were not available in house for
use in power calculations. Sample size was, therefore, guided using power calculations
performed on step frequency data reported in a prior treadmill study [26]. This indicated
that a sample size of #=10 would be required to detect a 25% change in step frequency
(alpha 0.05). However, this is based on treadmill walking and, therefore, not representa-
tive of the complex walking circuits in the present study. Therefore, a target of n=12
participants per study stage was selected.
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Statistical analysis

Study data were tested for normality using a Kolmogorov—Smirnov test (alpha=0.05).
If data were normally distributed, statistical analysis was performed using paired
2-tailed t-tests. If data failed the normality test, subsequent statistical analysis was
performed using Wilcoxon matched-pairs signed rank tests. P<0.05 was regarded as
statistically significant. Statistical analysis and graphing were performed in Prism9
(Graphpad Software, San Diego, CA, USA). Multiple linear regression was performed
in SPSS Statistics v27 (IBM, Armonk, NY, USA).

Abbreviations

FOG  Freezing-of-gait

PD Parkinson’s disease

CcC Continuous rhythmic vibration cueing
RC Responsive cueing

NC No cueing

ND No device

IMU  Inertial measurement unit

DBS  Deep brain stimulation

TUG  Timed up-and-go test

FFT Fast Fourier transform

ROC  Receiver operating characteristic

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/512938-023-01167-y.

Additional file 1: Study data sets.

Additional file 2: Figure S1. a. Image of device being worn correctly, located on gastrocnemius muscle (smart
phone shown for scale only). b. Picture of internal device electronics. c. Labelling of elements depicted in b. Figure
S2. Design of walking circuits during study stage A. a. Segment 1, timed up-and-go test. b. Segment 2, narrow
restriction. c. Segment 3, passing through an open doorway. d. Segment 4, slalom around cones. e. Segemnt 5, step
over and multitasking. Figure S3. Design of walking circuits during study stage B. a. Segment 1, timed up-and-go
test. b. Segment 2, narrow restrictions. c. Segment 3, walking and turning with distraction. d. Segment 4, Move on
instruction, multitasking and passing open doorway. Figure S4. Design of walking circuits during study stage C.
a.Segment 1, timed up-and-go test. b. Segment 2, narrow restrictions. c. Segment 3, walking and tight turns with
distraction. d. Segment 4, Move on instruction, multitasking and passing open doorway. Additional file meth-
ods: GaitAnalyst Video analysis program. Table S1 Pre-study Questionnaire (all participants). Table S2. Pre-study
FoG Questionnaire. Table S3. Post-study Questionnaire—Stage A. Table S4. Post-study Questionnaire—Stage B.
Table S5. Post-study Questionnaire—Stage C.

Acknowledgements

We thank Georgina King and Sanskriti Swarup for assistance with data analysis. We thank the staff at the Bosworth Clinic
and Oxfordshire Neurophysiotherapy for their help and support whilst running the study sessions. We also thank the
study participants for giving up their time to take part in research.

Author contributions
JCand MH conceived the studies. JC, MH, DL, AH and SG contributed to study design. JC, DL, AH and SG contributed
to acquisition of data. JC, DL, DcL and AH analyzed data. JC, MH, DL and AH interpreted data. DcL created new software

for gait analysis as part of this work; JC wrote the manuscript with input from all authors. All authors have reviewed the
manuscript.

Funding

This work was supported by funding from the Wellcome Trust (ISSF translational award) and EIT Health (proof-of-concept
award).

Availability of data and materials

The datasets supporting the conclusions of this article are included in tabulated format as a Additional file 1. The video
gait analysis software developed by the authors in Python3.3 (‘GaitAnalyst’) is provided open access in the github reposi-
tory (https://github.com/dongchengli940126/KeyPressedTimeVideoRecord).


https://doi.org/10.1186/s12938-023-01167-y
https://github.com/dongchengli940126/KeyPressedTimeVideoRecord

Li et al. BioMedical Engineering OnLine (2023) 22:108 Page 21 of 22

Declarations

Ethics approval and consent to participate

This feasibility study sought to test if FOG-initiated (responsive) vibration cueing from a device worn on the lower legs
can overcome FOG and improve walking in people with PD. The research project was conducted in accordance with

the Declaration of Helsinki and was approved by the UK NHS Health Research Authority Southwest-Frenchay Research
Ethics Committee (ref. 18/SW/0253). Eligible participants were willing and able to give informed consent for participation
in the study and to comply with all study requirements, as well as being fluent in English, and with a clinical diagnosis of
Parkinson’s disease or idiopathic Parkinson’s disease. Further details are provided under Methods.

Consent for publication
All participants consented to the publication of anonymised study data.

Competing interests

All authors have completed the ICMJE uniform disclosure form at www.icmje.org/coi_disclosure.pdf and declare: JC/DL/
AH report grant funding from the Wellcome Trust and EIT Health (European Institute of Innovation and Technology) dur-
ing the conduct of the study; JC/DL/AH are co-founders of, and report personal fees from, GaitQ Ltd., outside the submit-
ted work; JC/DL report patent pending "Targeted cue delivery system for gait regulation”; All other authors declare they
have no competing interests associated with their contribution to this manuscript.

Received: 16 June 2023 Accepted: 20 October 2023
Published online: 16 November 2023

References

1. Balestrino R, Schapira AHV. Parkinson disease. Eur J Neurol. 2020,27(1):27-42.

2. Theincidence and prevalence of Parkinson’s in the UK report Parkinson's UK. 2018.

3. Bloem BR, Hausdorff JM, Visser JE, Giladi N. Falls and freezing of gait in Parkinson'’s disease: a review of two intercon-
nected, episodic phenomena. Mov Disord. 2004;19(8):871-84.

4. Perez-Lloret S, Negre-Pages L, Damier P, Delval A, Derkinderen P, Destee A, et al. Prevalence, determinants, and effect
on quality of life of freezing of gait in Parkinson disease. JAMA Neurol. 2014;71(7):884-90.

5. Stack EL, Roberts HC. Slow down and concentrate: time for a paradigm shift in fall prevention among people with
Parkinson’s Disease? Parkinsons Dis. 2013;2013: 704237.

6. Schaafsma JD, Balash Y, Gurevich T, Bartels AL, Hausdorff JM, Giladi N. Characterization of freezing of gait subtypes
and the response of each to levodopa in Parkinson'’s disease. Eur J Neurol. 2003;10(4):391-8.

7. Mhatre PV, Vilares |, Stibb SM, Albert MV, Pickering L, Marciniak CM, et al. Wii Fit balance board playing improves bal-
ance and gait in Parkinson disease. PM R. 2013;5(9):769-77.

8. Reuter |, Mehnert S, Leone P, Kaps M, Oechsner M, Engelhardt M. Effects of a flexibility and relaxation programme,
walking, and nordic walking on Parkinson'’s disease. J Aging Res. 2011,2011: 232473.

9. Bekkers EMJ, Dijkstra BW, Heremans E, Verschueren SMP, Bloem BR, Nieuwboer A. Balancing between the two: are
freezing of gait and postural instability in Parkinson’s disease connected? Neurosci Biobehav Rev. 2018;94:113-25.

10. Vitek JL, Jain R, Chen L, Troster Al, Schrock LE, House PA, et al. Subthalamic nucleus deep brain stimulation with a
multiple independent constant current-controlled device in Parkinson’s disease (INTREPID): a multicentre, double-
blind, randomised, sham-controlled study. Lancet Neurol. 2020;19(6):491-501.

11. Weaver FM, Follett K, Stern M, Hur K, Harris C, Marks WJ, et al. Bilateral deep brain stimulation vs best medical
therapy for patients with advanced Parkinson disease: a randomized controlled trial. JAMA. 2009;301(1):63-73.

12. Potter-Nerger M, Volkmann J. Deep brain stimulation for gait and postural symptoms in Parkinson’s disease. Mov
Disord. 2013;28(11):1609-15.

13. Ferraye MU, Deb( B, Fraix V, Goetz L, Ardouin C, Yelnik J, et al. Effects of pedunculopontine nucleus area stimulation
on gait disorders in Parkinson’s disease. Brain. 2010;133(Pt 1):205-14.

14. Nieuwboer A, Kwakkel G, Rochester L, Jones D, van Wegen E, Willems AM, et al. Cueing training in the
home improves gait-related mobility in Parkinson’s disease: the RESCUE trial. J Neurol Neurosurg Psychiatry.
2007,78(2):134-40.

15. Burleigh-Jacobs A, Horak FB, Nutt JG, Obeso JA. Step initiation in Parkinson’s disease: influence of levodopa and
external sensory triggers. Mov Disord. 1997;12(2):206-15.

16. Rubinstein TC, Giladi N, Hausdorff JM. The power of cueing to circumvent dopamine deficits: a review of physical
therapy treatment of gait disturbances in Parkinson’s disease. Mov Disord. 2002;17(6):1148-60.

17. Ghai's, Ghail, Schmitz G, Effenberg AQ. Effect of rhythmic auditory cueing on parkinsonian gait: a systematic review
and meta-analysis. Sci Rep. 2018;8(1):506.

18. Ginis P, Nackaerts E, Nieuwboer A, Heremans E. Cueing for people with Parkinson’s disease with freezing of gait: a
narrative review of the state-of-the-art and novel perspectives. Ann Phys Rehabil Med. 2018;61(6):407-13.

19. Muthukrishnan N, Abbas JJ, Shill HA, Krishnamurthi N. Cueing paradigms to improve gait and posture in Parkinson’s
disease: a narrative review. Sensors. 2019. https://doi.org/10.3390/519245468.

20. Bagley S, Kelly B, Tunnicliffe N, Turnbull Gl, Walker JM. The effect of visual cues on the gait of independently mobile
Parkinson’s disease patients. Physiotherapy. 1991;77(6):415-20.

21. Schlick C, Ernst A, Botzel K, Plate A, Pelykh O, limberger J. Visual cues combined with treadmill training to improve
gait performance in Parkinson'’s disease: a pilot randomized controlled trial. Clin Rehabil. 2016;30(5):463-71.

22. Badarny S, Aharon-Peretz J, Susel Z, Habib G, Baram Y. Virtual reality feedback cues for improvement of gait in
patients with Parkinson’s disease. Tremor Other Hyperkinetic Movements. 2014;4:225.


http://www.icmje.org/coi_disclosure.pdf
https://doi.org/10.3390/s19245468

Li et al. BioMedical Engineering OnLine (2023) 22:108 Page 22 of 22

23. Espay AJ, Baram Y, Dwivedi AK, Shukla R, Gartner M, Gaines L, et al. At-home training with closed-loop augmented-
reality cueing device for improving gait in patients with Parkinson disease. J Rehabil Res Dev. 2010;47(6):573-81.

24. Luessi F, Mueller LK, Breimhorst M, Vogt T. Influence of visual cues on gait in Parkinson’s disease during treadmill
walking at multiple velocities. J Neurol Sci. 2012;314(1-2):78-82.

25. Plotnik M, Shema S, Dorfman M, Gazit E, Brozgol M, Giladi N, et al. A motor learning-based intervention to amelio-
rate freezing of gait in subjects with Parkinson’s disease. J Neurol. 2014;261(7):1329-39.

26. van Wegen E, de Goede C, Lim |, Rietberg M, Nieuwboer A, Willems A, et al. The effect of rhythmic somatosensory
cueing on gait in patients with Parkinson’s disease. J Neurol Sci. 2006,248(1-2):210-4.

27. Rochester L, Baker K, Hetherington V, Jones D, Willems AM, Kwakkel G, et al. Evidence for motor learning in Parkin-
son'’s disease: acquisition, automaticity and retention of cued gait performance after training with external rhythmi-
cal cues. Brain Res. 2010;1319:103-11.

28. Suputtitada A, Sriyudthasak M, Pongmala C. Cueing devices for gait ability in Parkinson patient using motion analy-
sis. Gait Posture. 2009;30:5127.

29. Mancini M, Smulders K, Harker G, Stuart S, Nutt JG. Assessment of the ability of open- and closed-loop cueing to
improve turning and freezing in people with Parkinson'’s disease. Sci Rep. 2018;8(1):12773.

30. Stuart S, Mancini M. Prefrontal cortical activation with open and closed-loop tactile cueing when walking and turn-
ing in Parkinson Disease: a pilot study. J Neurol Phys Ther. 2020;44(2):121-31.

31. Ginis P, Heremans E, Ferrari A, Bekkers EMJ, Canning CG, Nieuwboer A. External input for gait in people with Parkin-
son’s disease with and without freezing of gait: one size does not fit all. J Neurol. 2017,264(7):1488-96.

32. Thompson E, Agada P, Wright WG, Reimann H, Jeka J. Spatiotemporal gait changes with use of an arm swing cueing
device in people with Parkinson’s disease. Gait Posture. 2017,58:46-51.

33. Ginis P, Nieuwboer A, Dorfman M, Ferrari A, Gazit E, Canning CG, et al. Feasibility and effects of home-based
smartphone-delivered automated feedback training for gait in people with Parkinson’s disease: a pilot randomized
controlled trial. Parkinsonism Relat Disord. 2016;22:28-34.

34. Bachlin M, Plotnik M, Roggen D, Maidan |, Hausdorff JM, Giladi N, et al. Wearable assistant for Parkinson’s disease
patients with the freezing of gait symptom. IEEE Trans Inf Technol Biomed. 2010;14(2):436-46.

35. Pereira MP, Gobbi LT, Almeida QJ. Freezing of gait in Parkinson'’s disease: Evidence of sensory rather than attentional
mechanisms through muscle vibration. Parkinsonism Relat Disord. 2016;29:78-82.

36. DibilioV, Stummer C, Drenthen L, Bloem BR, Nonnekes J, Weerdesteyn V. Secondary task performance during chal-
lenging walking tasks and freezing episodes in Parkinson's disease. J Neural Transm. 2016;123(5):495-501.

37. Zhou L, Fischer E, Tunca C, Brahms CM, Ersoy C, Granacher U, et al. How We Found Our IMU: guidelines to IMU selec-
tion and a comparison of seven IMUs for pervasive healthcare applications. Sensors. 2020;20(15):4090.

38. Jacobsen E, Lyons R.The sliding DFT. IEEE Signal Process Mag. 2003;20(2):74-80.

39. Arami A, Poulakakis-Daktylidis A, Tai YF, Burdet E. Prediction of gait freezing in Parkinsonian patients: a binary clas-
sification augmented with time series prediction. IEEE Trans Neural Systems and Rehabil Eng. 2019;27(9):1909-19.

40. Mazilu S, Hardegger M, Zhu Z, Roggen D, Troster G, Plotnik M, et al,, editors. Online detection of freezing of gait
with smartphones and machine learning techniques. 2012 6th International Conference on Pervasive Computing
Technologies for Healthcare (PervasiveHealth) and Workshops; 2012 21-24 May 2012.

41. McCandless PJ, Evans BJ, Janssen J, Selfe J, Churchill A, Richards J. Effect of three cueing devices for people with
Parkinson’s disease with gait initiation difficulties. Gait Posture. 2016;44:7-11.

42. Marino BLB, de Souza LR, Sousa KPA, Ferreira JV, Padilha EC, da Silva C, et al. Parkinson’s disease: a review from patho-
physiology to treatment. Mini Rev Med Chem. 2020;20(9):754-67.

43. del Olmo MF, Cudeiro J. Temporal variability of gait in Parkinson disease: effectsof a rehabilitation programme based
on rhythmic sound cues. Parkinsonism Relat Disord. 2005;11(1):25-33.

44, Smith BA, Jacobs JV, Horak FB. Effects of amplitude cueing on postural responses and preparatory cortical activity of
people with Parkinson disease. J Neurol Phys Ther. 2014;38(4):207-15.

45, XuJ,BaoT, Lee UH, Kinnaird C, Carender W, Huang Y, et al. Configurable, wearable sensing and vibrotactile feedback
system for real-time postural balance and gait training: proof-of-concept. J Neuroeng Rehabil. 2017;14(1):102.

46. Zoetewei D, Herman T, Brozgol M, Ginis P, Thumm PC, Ceulemans E, et al. Protocol for the DeFOG trial: a randomized
controlled trial on the effects of smartphone-based, on-demand cueing for freezing of gait in Parkinson’s disease.
Contemporary Clin Trials Commun. 2021;24: 100817.

47. Raykov YP, Evers LJW, Badawy R, Bloem BR, Heskes TM, Meinders MJ, et al. Probabilistic modelling of gait for robust
passive monitoring in daily life. IEEE J Biomed Health Inform. 2020. https://doi.org/10.1109/JBHI.2020.3037857.

48. GiladiN, Tal J, Azulay T, Rascol O, Brooks DJ, Melamed E, et al. Validation of the freezing of gait questionnaire in
patients with Parkinson’s disease. Mov Disord. 2009;24(5):655-61.

49. Moore ST, MacDougall HG, Ondo WG. Ambulatory monitoring of freezing of gait in Parkinson'’s disease. J Neurosci
Methods. 2008;167(2):340-8.

50. Sijobert B, Benoussaad M, Denys J, Pissard-Gibollet R, Geny C, Coste C. Implementation and validation of a stride
length estimation algorithm, using a single basic inertial sensor on healthy subjects and patients suffering from
Parkinson'’s disease. Health. 2015;7:704-14.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1109/JBHI.2020.3037857

	Investigating gait-responsive somatosensory cueing from a wearable device to improve walking in Parkinson’s disease
	Abstract 
	Background
	Results
	The study cohort
	Stage A
	Stage B
	Stage C
	Detection of step frequency and step length from onboard IMU data
	Development of real time FOG detection and gait analysis algorithms

	Discussion
	Conclusions
	Methods
	Study design
	Participants and recruitment
	Design and construction of the ‘GaitThaw’ movement-tracking cueing device.
	Outcomes
	Video data, observer analysis and software development
	Automated gait analysis algorithms using inertial measurement unit (IMU) data
	Feature extraction from accelerometer data for FOG detection
	Machine learning for FOG detection
	Calculation of step frequency and stride length from IMU data

	Sample size
	Statistical analysis

	Anchor 25
	Acknowledgements
	References


