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Abstract

Walking is a complex motor function requiring coordination of all body parts. Parkinson’s dis-
ease (PD) motor signs such as rigidity, bradykinesia, and impaired balance affect move-
ments including walking. Here, we propose a computational method to objectively assess
the effects of Parkinson’s disease pathology on coordination between trunk, shoulder and
limbs during the gait cycle to assess medication state and disease severity. Movements dur-
ing a scripted walking task were extracted from wearable devices placed at six different
body locations in participants with PD and healthy participants. Three-axis accelerometer
data from each device was synchronized at the beginning of either left or right steps. Canon-
ical templates of movements were then extracted from each body location. Movements pro-
jected on those templates created a reduced dimensionality space, where complex
movements are represented as discrete values. These projections enabled us to relate the
body coordination in people with PD to disease severity. Our results show that the velocity
profile of the right wrist and right foot during right steps correlated with the participant’s total
score on the gold standard Unified Parkinson’s Disease Rating Scale (UPRDS) with an r?
up to 0.46. Left-right symmetry of feet, trunk and wrists also correlated with the total UPDRS
score with an r? up to 0.3. In addition, we demonstrate that binary dopamine replacement
therapy medication states (self-reported ‘ON’ or ‘OFF’) can be discriminated in PD partici-
pants. In conclusion, we showed that during walking, the movement of body parts individu-
ally and in coordination with one another changes in predictable ways that vary with disease
severity and medication state.

Introduction

The generation of commands to initiate and coordinate whole body movements during walk-
ing [1,2] is based on an interaction of cortical and subcortical structures (including basal gan-
glia and brainstem) [3]. Dopaminergic deficiency in the basal ganglia associated with
Parkinson’s disease (PD) generates canonical motor signs such as rigidity, bradykinesia,

PLOS ONE | https://doi.org/10.1371/journal.pone.0244842 February 17, 2021

1/15


https://orcid.org/0000-0002-2186-1550
https://doi.org/10.1371/journal.pone.0244842
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0244842&domain=pdf&date_stamp=2021-02-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0244842&domain=pdf&date_stamp=2021-02-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0244842&domain=pdf&date_stamp=2021-02-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0244842&domain=pdf&date_stamp=2021-02-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0244842&domain=pdf&date_stamp=2021-02-17
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0244842&domain=pdf&date_stamp=2021-02-17
https://doi.org/10.1371/journal.pone.0244842
https://doi.org/10.1371/journal.pone.0244842
http://creativecommons.org/licenses/by/4.0/
mailto:david.caouette@pfizer.com
mailto:david.caouette@pfizer.com

PLOS ONE

Walking to monitor Parkinson’s disease

collection and analysis, decision to publish, or
preparation of the manuscript.

Competing interests: C. Agurto, S. Heisig, A.
Abrami, V. Caggiano, disclose that their employer,
IBM Research, is the research branch of IBM
Corporation. B.K. Ho is employed by the
Department of Neurology, Tufts University School
of Medicine and Tufts Medical Center. This does
not alter our adherence to PLOS ONE policies on
sharing data and materials.

dystonia, and impaired balance which affect movements including walking [4]. The ability to
control movements in PD [5] is evaluated in a clinical setting—once or twice per year—as part
of an extensive semi-quantitative motor and cognitive assessment of disease progression per-
formed by a movement disorder specialist according to the Movement Disorder Society Uni-
fied Parkinson’s Disease Rating Scale (MDS-UPDRS, 2008 version) [6]. Motor impairment is
evaluated in part 3 of the UPDRS. Gait and other tasks are scored (with a value between 0-4)
by the specialist based on the observation of the task. Thus, the results vary with the training of
the physician [7] and are not objectively captured. Tools to assist physicians in quantification
and analysis of movement are currently limited to expensive gait labs but they are not part of a
standardized process. The possibility of using inexpensive technology and computational
methods to measure and quantify whole body motor behavior will allow objective quantifica-
tion of disease state phenomenology in normal clinical settings.

Although coordination between limbs is not explicitly assessed in the standardized
MDS-UPDRS test, it is well known that both upper and lower limb coordination during walk-
ing are affected in people with PD both in natural [8,9] and treadmill walking [10]. Typically,
due to various PD related impairments, posture and arm swing become asymmetric [8,11-13].
Different laboratories have assessed and quantified these impairments using high definition
motion capture analysis and electromyographic recordings [9,14]. These methods are
restricted to complex and expensive research laboratories settings, which makes them unsuit-
able to monitor participants outside the clinic and to understand the effects of medication and
interventions on the progression of the disease [4,5] in a more typical setting [15].

Outside the clinical setting, wearable technology [16] offers a solution for continuous moni-
toring of people with PD [15,17,18]. Gait has been characterized and measured from the trunk
[19,20], and feet [21] (see Del Din et al. for a comprehensive review [20]). Various techniques
have quantified features of body movement based on one [19,21-25] or multiple sensors attached
to different body locations [19,26,27]. Typically, studies have used descriptive features of the sig-
nal i.e. discrete measurements such as frequency, stride length, entropy, arm swing, etc. to charac-
terize PD. Those discrete measurements provide a snapshot of step or body coordination, which
although easy to understand, do not capture most of the temporal information of how the whole
body moves during the walking task e.g. left-right symmetry, limb/core coordination etc. Also,
only a few of those discrete analyses looked into measurements of left versus right symmetry
[19,27], and step coordination [28]. Recently a study measured coordination between body parts
as the variability of the maximum angular extention [29] but no study has looked into overall
body coordination during individual steps. We believe that a measurement built from temporal
profiles of whole-body readjustment at each step is not only closer to the way a specialist intui-
tively evaluates patient movements, but it can also enable rating with quantitative granularity.

In this work, we propose a novel method which characterizes the temporal profile of move-
ments across body parts rather than single point metrics to characterize PD. We used data
acquired from different parts of the body starting at the point of weight redistribution i.e. dur-
ing whole body adjustment following a step. By analyzing this temporal profile, we aim to
answer the following questions: (i) are the individual movements in different parts of the body
during walking affected by disease severity or drug intake in people with PD? (ii) is the symme-
try of the body parts during walking affected by either of these factors?

Results
Single body part kinematics relative to PD severity

To test how body part coordination during walking related to disease severity we collected
acceleration information at the feet, wrist, lumbar and sternum during unconstrained walking
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(see Methods). Those positions provided overall information for movements at lower and
upper extremities, core (lumbar) and trunk (sternum, see Figs 1 and S1). We used step events
as the start point for the whole-body coordination (see Methods and Fig 1B and 1C) and built
areduced dimensionality space (RDS) at each step (see Methods) to summarize acceleration,
velocity and time to a three-dimensional value (see S2 Fig).

Projections of movements during walking into the RDS clearly distinguished between
movements of healthy versus PD participants. As shown in Fig 2A, projections into the RDS
show that the average walking movements from PD participants were clearly separable from
movements of healthy participants (at least in one of the projections, U-test, p < 0.05 corrected
by 12-6 sensors and 2 conditions). Movement statistics showed that projections of all move-
ments aligned with either left or right steps were able to discriminate healthy with respect to
PD participants in at least one of the RDS projections with p < 0.05 (U-test), with the excep-
tion of right wrist movements aligned with the right steps. In addition, we fed these movement
projections into 4 different classifiers (logistic regression, decision trees, random forest, and
Naive Bayes) to evaluate their ability to discriminate PD from healthy participants. All classifi-
ers were able to achieve high accuracy, with the best results obtained using logistic regression
and random forest (see Tables 1 and S1). We were also able to estimate PD severity from an
estimate of motor impairment (based on the UPDRS total score) with * values up to 0.41
using the acceleration signal (see Fig 2C-Acceleration). When velocity was used instead of
acceleration to generate the movement profile, the correlation results with the UPDRS scores
were slightly better reaching r” values up to 0.46 (see results for right wrist during right-foot
steps in Fig 2C-Velocity). Furthermore, we obtained a higher r* of 0.54 (at right wrist during
right-foot steps) when we combined profiles obtained from velocity and acceleration.

Personalized single body part kinematics with medication states (ON vs.
OFF)

To understand if the proposed solution would discriminate movements in the same body part
in ON versus OFF medication states, we created a personalized model for each participant and
each body part (see Methods). Fig 3A shows an example of steps from one participant pro-
jected into a 2D RDS for each of the body parts for ON and OFF medication states. It can be
seen that movements appear to be completely different at each body part. Table 2 shows the
percentage of PD participants in which there is a significant difference between medication
states for all the analyzed body parts. Overall, we could significantly distinguish ON vs. OFF in
at least 85% of the participants. Percentage values obtained using velocity were slightly better
than acceleration, ranging from 88% to 100% (see Table 2 for the complete breakdown).
Although the model built for each participant is very sensitive to differences between
ON-OFF, those differences are also visible at a population level (Fig 3B). For population com-
parisons we used a generalized model built on the healthy participants in order to have a com-
mon reference (as done for the previous analysis).

Body symmetries and coordination in PD progression

Finally, we wanted to quantify the relationship between the left-right symmetry of body move-
ments (see for example S3 Fig). Fig 4A shows an example of projecting movement for both feet
at each step during ON vs. OFF sessions. It is noticeable that when the participant was ON,
both left and right feet had a similar movement pattern (i.e. overlapping clusters), while in the
OFF state, movement patterns in both feet are clearly different. Furthermore, left foot move-
ments appeared to have greater differences than right foot. When symmetrical behavior in
terms of similarity (see Methods) was plotted against the motor impairment scores (Fig 4B), a
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Fig 1. Walking task and movement trajectories aligned at step start. A-Walking task route. B-Absolute value of acceleration traces along frontal
and vertical axis during steps, aligned with heel lift off. C—Accelerations recorded at different body parts aligned to left heel lift off events (see S1 Fig
for location of sensors and orientations).

https://doi.org/10.1371/journal.pone.0244842.9001
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significant correlation of the symmetry of the steps and core (both trunk and sternum) during
left versus right steps emerged (r* = 0.36, p < 0.001, n = 66). Similarly, lumbar and trunk
movements during left and right steps produced a significant estimation of disease severity
(lumbar r* = 0.31, sternum r* = 0.34, p < 0.001). A weaker correlation was observed in the

Table 1. Discrimination results of healthy vs PD participants for using acceleration, velocity and the combination of both.

Position | Trigger Acceleration Velocity Acceleration + Velocity
Best Accuracy | AUC | Precision | F1 Best Accuracy | AUC | Precision | F1 Best Accuracy | AUC | Precision | F1
Classifier Classifier Classifier
Left Left LR 0.83 0.68 0.28 0.02 LR 0.82 0.70 0.29 0.03 LR 0.82 0.70 0.29 0.03
Wrist
Right LR 0.83 0.67 0.27 0.02 LR 0.83 0.66 0.23 0.00 LR 0.83 0.66 0.23 0.00
Wrist
Left Foot RF 0.86 0.84 0.63 0.55 LR 0.83 0.72 0.28 0.03 LR 0.83 0.72 0.28 0.03
Right RF 0.86 0.85 0.63 0.55 LR 0.84 0.65 0.29 0.00 LR 0.84 0.65 0.29 0.00
Foot
Lumbar LR 0.81 0.79 0.34 0.19 LR 0.81 0.77 0.34 0.08 RF 0.82 0.88 0.63 0.54
Sternum LR 0.83 0.76 0.36 0.17 LR 0.81 0.76 0.30 0.04 LR 0.81 0.76 0.30 0.04
Left Right LR 0.81 0.71 0.35 0.11 LR 0.81 0.70 0.28 0.01 LR 0.81 0.70 0.28 0.01
Wrist
Right LR 0.83 0.63 0.23 0.00 LR 0.83 0.62 0.21 0.00 LR 0.83 0.62 0.21 0.00
Wrist
Left Foot LR 0.84 0.73 0.46 0.14 RF 0.83 0.79 0.54 0.46 RF 0.83 0.79 0.54 0.47
Right RF 0.83 0.86 0.66 0.58 LR 0.82 0.76 0.33 0.04 LR 0.82 0.76 0.33 0.04
Foot
Lumbar RF 0.82 0.88 0.66 0.57 RF 0.83 0.90 0.72 0.64 RF 0.83 0.90 0.73 0.64
Sternum RF 0.85 0.89 0.71 0.62 RF 0.83 0.89 0.69 0.61 RF 0.83 0.89 0.69 0.61

The best results among 4 classifiers (logistic regression—LR, decision trees—DR, random forest—RF, and Naive Bayes—NB) were reported in terms of accuracy, AUC,

precision and F1-score.

https://doi.org/10.1371/journal.pone.0244842.t001
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https://doi.org/10.1371/journal.pone.0244842.9003

symmetrical behavior of the arm swing as captured by wrist movements (r* = 0.13, p = 0.0139,

uncorrected).

Discussion

In this work, we presented a technique for capturing temporal profiles of body movement dur-
ing walking from wearable sensor data. When the method is applied to people with PD, we
showed how coordinated and symmetric behavior is affected by disease severity. The sensitiv-
ity of the method is such that: 1) it can discriminate self-reported medication states at each
body part, 2) it provides a measurement of motor impairment proportional to disease severity.
Asymmetric deficits are a well-known feature of PD [30]. For example, Sant’Anna et al. [27]
achieved high AUC classification of healthy participants from participants with PD by calculat-
ing a symmetry index using sensors to determine if symmetry of both upper and lower limbs
of 11 early-to-mid-stage PD participants while walking is different from 15 control partici-
pants. In agreement with Sant’Anna, our method is able to distinguish people with PD from

Table 2. Summary of 33 PD participants during the discrimination of ON versus OFF state by sensor position triggered either by left or right step. The same analy-
sis was repeated both for acceleration (left) and velocity (right).

Velocity Acceleration
Left Step Right Step Left Step Right Step

Left Wrist 30/33 (90.91%) 30/33 (90.91%) 32/33 (96.97%) 30/33 (90.91%)
Right Wrist 30/33 (90.91%) 28/33 (84.85%) 30/33 (90.91%) 29/33 (87.88%)

Left Foot 33/33 (100%) 32/33 (96.97%) 31/33 (93.94%) 32/33 (96.97%)
Right Foot 32/33 (96.97%) 31/33 (93.94%) 32/33 (96.97%) 33/33 (100%)

Lumbar 31/33 (93.94%) 33/33 (100%) 31/33 (93.94%) 33/33 (100%)

Sternum 31/33 (93.94%) 32/33 (96.97%) 32/33 (96.97%) 31/33 (93.94%)

https://doi.org/10.1371/journal.pone.0244842.t1002
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healthy participants with a very high accuracy and at the same time, to provide a proxy for
medication state and disease severity. This result was achieved because we used step move-
ments to characterize body coordination. In fact, when we tested these methods using random
events during walking as reference to build the RDS, the movement projections showed nei-
ther significant difference between healthy and PD participants (p > 0.05, U-Test) nor correla-
tion for PD participants of the RDS with respect to the UPDRS score (p > 0.05). It should be
noted that determining the difference between healthy and people with Parkinson’s is outside
the scope of this paper since the healthy subject cohort was neither age matched nor evaluated
with the UPDRS to assess a lack of pathological signs of PD. Nevertheless, given those prelimi-
nary observations we expect the method to be generalizable to detect early stages of divergence
from healthy behavior.

Specifically for disease progression, we found only a few specific metrics for gait assessment
that correlated with UPDRS III scores. For example, Rodriguez-Molinero et al. [31] found a
correlation r* = 0.31, p < 0.001 with the frequency content of strides during walking. Better
correlations were found when the metrics were compared with UPDRS motor subscores for
gait and balance such as angular velocity [32] in both early PD (r* = 0.17, p < 0.01) and PD
+ freeze of gait participants (r* = 0.61, p < 0.01). For EMG data, Spasojevi¢ et al. [14] obtaining
significant correlations between their estimated features and UPDRS scores (r* > 0.25) by ana-
lyzing the movement of the arm/hand in 17 PD participants. In a study more aligned with
ours, Huang et al. [11] explored body coordination of the arms in 8 PD participants while
walking. In their study, they found high correlation between their estimated features and the
UPDRS scores of limbs (equal to the sum of UPDRS akinetic/rigidity and tremor scores of
upper and lower extremities) r* = 0.58, p = 0.049 for all limbs, and r* = 0.69, p = 0.021 for most
affected limbs. Our results are consistent with these previous publications as we obtained high
correlation with UPDRS III total scores. The strength of our study relative to previous work is
a larger study population (33 PD), the use of wearable sensors that make at-home monitoring
feasible, and the inclusion of body parts (e.g. feet) whose movement is more stereotypical in
everyday walking than wrist movement.

Our approach better characterized lower limb symmetry compared to movement descrip-
tions made by aggregating measurements such as step length, and swing velocity as a way to
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assess disease progression. For example, while Lewek et al. [12] showed that lower limb sym-
metry was not significantly different across 12 participants using arm swing magnitude, stride
time, and side-to-side asymmetry in a video recording, our study shows that the lower limb
coordination (analyzed only at each step while walking) is increasingly impaired with disease
severity, as indicated by a high correlation (r* = 0.36) of this measure with the total UPDRS
score. This suggests that lower limb movement can be used to monitor PD severity when steps
can be identified (see also Del Din et al. [19]). In fact, Penko et al. [33], in their study of lower
extremity coordination patterns in people with PD during cycling, suggested that the UPDRS
sub scores of lower extremities are not sensitive enough to estimate lower limb function.

When we analyzed body coordination by checking symmetry through vector similarity, we
found that similarity was higher for participants with lower UPDRS score (see intensity plot in
Fig 4B). Therefore, as disease severity increases (higher UPDRS scores), the symmetry between
limbs decreases. This behavior is very pronounced for feet, sternum and lumbar areas but not
for arm swing (wrist movement, bar plot in Fig 4B) in spite of its vital role in maintaining sta-
bility during gait [34]. This finding is supported by the fact that arm swing asymmetry is one
of the earliest signs of PD [35], and it is reflected by the low similarity distance obtained for
participants with low UPDRS scores (intensity plot in Fig 4B). In other words, wrist similarity
deteriorates early (lower UPDRS scores) and remains poor as participants progress to higher
scores.

Among our findings, we observed that results obtained with velocity were slightly better
than acceleration. Our interpretation was that since walking triggers ballistic movement, the
change in velocity is better suited to capture changes in PD during walking [36].

In addition to its good performance, the proposed methodology has two main advantages:
simplicity and scalability. Since we only used accelerometer data, our method is well-suited for
low-power devices that can be embedded in clothes, and/or wearables. In fact, most con-
sumer-grade wearables collect accelerometer data, which can be used to apply our methodol-
ogy. In addition, our method is based on unassisted walking, which can be performed in most
locations. Therefore, we feel that our proposed methodology could be easily deployed for lon-
gitudinal studies in large cohorts of patients in their home settings without complex instruc-
tions or scripted tasks. Furthermore, we show that our method is also able to detect divergence
from healthy movement, which could be used to assess other neurodegenerative diseases
affecting movement or having a movement phenotype.

Although completely speculative because of the lack of physiological correlates, changes in
gait during walking in PD might be related to basal ganglia connections to the brainstem,
which control different aspects of movement initiation and control of locomotion [37,38].
Indeed, the Peduncolopontine nucleus in the brainstem is the major relay of the basal ganglia
to spinal and cerebellar nuclei for the control of locomotion [39] and skill learning [40]. Recent
experimental [38,41] and computational [42] studies have shown that manipulations of this
pathway have effects on both the initiation and control of walking, suggesting that progressive
degeneration in these connections could result in alteration of the commands for movement
coordination. Indeed, those regions are targets for deep brain stimulation interventions aimed
at restoring motor functions in people with PD [43].

Limitations of this work include the number of participants, which although greater than
typical studies in the field, is still not big enough to generalize to all the possible variants of PD
phenotypes, and the cross-sectional nature of the experiment. However, given that our method
incorporates clinical intuition by analyzing the continuous nature of the movement, and that
our results show high correlation with UPDRS scores and can accurately distinguish medica-
tion states, we feel that the proposed method could be used as a candidate digital biomarker
for prospective or longitudinal studies. In addition, our methodology is not restricted to
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Parkinson’s disease and can be used for monitoring other neurological diseases that affect
body symmetry during walking inside and outside clinical settings.

In summary, we have demonstrated a method based on movement templates using accel-
erometry from different parts of the body that can be used as a surrogate to evaluate disease
severity and identify ON vs. OFF medication states. This method has the potential to generate
novel digital biomarkers for PD.

Methods

Participants

This study was approved by the Tufts Health Sciences Campus Institutional Review Board
(IRB number 12371) and it was conducted at the Tufts Medical Center, Boston, Massachusetts.
All participants were over 18 years of age and gave their written, informed consent prior to the
start of the study. All of the methods were carried out in accordance with the relevant guide-
lines and regulations as documented in the IRB submission. All PD participants had a clinical
diagnosis of idiopathic Parkinson’s disease consistent with the United Kingdom (UK) Parkin-
son’s Disease Society Brain Bank Clinical Diagnostic Criteria. All responded to L-DOPA treat-
ment and were able to recognize “wearing-off” symptoms. Exclusion criteria consisted of
psychiatric illness that would interfere with the tasks, other neurological diseases, treatment
with an investigational drug within 30 days or 5 half- lives (whichever was longer) preceding
the enrollment in this study, alcohol consumption exceeding 7 drinks/week for females or 14
drinks/week for males, and participants with cardiac pacemakers, electronic pumps or any
other implanted medical devices (including deep brain stimulation devices). More details
about the study can be found in [44].

Healthy participants were recruited, and the protocol was run at IBM and Pfizer sites. The
study protocol was approved by the Schulman Independent Institutional Review Board (now
Advarra) IRB # 201500837. All participants were over 18 years of age and gave their written,
informed consent prior to the start of the study. The protocol was carried out in accordance
with the relevant guidelines and regulations documented in the IRB submission.

We included in this analysis only data from 31 healthy participants and 33 PD participants
having reliable data from all 6 sensors (see Recording Protocol). Due to technical malfunc-
tions, a participant was excluded when one or multiple sensors did not record any data. Partic-
ipants with PD were diagnosed in stages 1 (N =2), 2 (N = 24), or 3 (N = 7) of the Hoehn and
Yahr scale [45]. Table 3 provides demographic and clinical information of both cohorts. All
participants were able to walk unaided. All evaluations (Hoehn and Yahr, UPDRS) were per-
formed by one of the authors who is a neurologist specializing in movement disorders (Dr.
Ho).

Recording protocol

Each participant underwent two sessions. In one session, data was collected after participants
took their usual dopamine replacement therapy and were self-reportedly (and confirmed by
the neurologist) in the ON-state. In the other session, data was collected when participants
were in the self-reported (and confirmed by the neurologist) OFF-state, meaning their medica-
tion had washed out. The order of the sessions was randomized among participants. To ensure
that data acquired from PD participants in ON-state were acquired during peak effects, all par-
ticipants arrived in OFF-state to the clinic. They took their scheduled dopamine dose and
began the ON evaluation after confirmation by both participant and neurologist (state ON/
OFF questioning was performed every 0.5 hours until ON or 1.5 hours post-dose, whatever
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UPDRS Gait (ON/OFF)

Table 3. Demographics and clinical information of the participants.

1.03 £0.95/1.45 £ 0.97

PD participants Controls
Number of participants 33 31
Age 69 + 8 years 49+9 years
Gender (%male) 49% 67%
Height 171+ 9 cm 175+ 10 cm
Weight 84 + 24 Kg 79+ 18 Kg
Education level (post-graduate) 49% 77%
Dominant hand (%right) 90% 88%
Disease duration 6 + 4 years --
Daily levodopa dose 380 + 304 mg --
UPDRS part III (ON/OFF) 40 + 17/ 5416 --

UPDRS Posture Stability (ON/OFF) 1.36 £ 1.11/ 1.76 + 0.90 --

Hoehn and Yahr scale 2.15+0.51 --
Clinical symmetry (Right/Left/None) 13/18/3 --
Asymmetry index: |L-R|/(L+R) 0.19 £0.17 --

https://doi.org/10.1371/journal.pone.0244842.t1003

was earlier). If the first session was in ON state, the second session began between 0.5 to 1
hour before their next scheduled levodopa dose the same day or up to 14 days later.

In each session the motor examination of the UPDRS was administered by the neurologist.
It was comprised of 33 sub-scores based on 18 items, several with right, left or other body dis-
tribution scores. In addition, a set of tasks simulating various activities of daily living (ADLs)
were performed. As part of the gait tasks, participants performed an instrumented walking
task where they walked 10 meters at their normal pace back and forth in a closed hospital cor-
ridor as shown in Fig 1A for a duration of 31.32 + 29.71 seconds for healthy and 120.94 + 5.27
seconds for PD participants (see [46] for details).

We used Opal Version 1 wearable sensors (APDM Wearable Technologies) to capture body
part movement. These devices record acceleration, angular velocity, and magnetic flux density.
Mancini et al. [47] have studied the reliability of these sensors by assessing temporal and spatial
measurement showing good reliability with an intra class coefficient higher than 0.55. In our
study we used acceleration measurements recorded at 128 Hz. To cover most of the body,
these sensors were located on 6 different body parts as shown in Fig 1C (see also S1 Fig for
location of sensors and orientations): both feet, both wrists, lumbar and sternum. Informed
consent from one of the authors was obtained for the use of the picture illustrating sensor
placement in S1 Fig.

Clinical variables

The UPDRS motor examination (part 3) score can be broken down into five main categories:
speech, facial expression, bradykinesia, tremor, and postural instability and gait disorder
(PIGD). In this work, we use the total UPDRS-part 3 score because it better captures the over-
all disease severity. Average total UPDRS for all PD participants 40 + 17 and 54 + 16 for ON
and OFF state, respectively.

Data analysis and statistics

Natural walking results from a pendulum motion of the body over each leg as the ankle dorsi-
flexes during the stance phase. Displacement of the center of mass during a step produces an
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unstable equilibrium and different parts of the body need to interact in a coordinated way to
prevent an individual from falling [48]. At each step, synchronization can be observed at both
core/shoulder (measured at lumbar and sternum level), upper (measured at the wrists level)
and lower extremities (measurable at the feet level). Movements at each step have a complex
3-dimensional (3D), stereotypical behavior that we analyzed at 6 different body positions
using sensors with three-axis accelerometer signals. As it was mentioned before, the scripted
walking task included steps and turnings (see Fig 1A). However, in this study, we did not
include turning since these are asymmetric movements with different dynamics than natural
walking [27].

Sensor data was initially filtered to remove unwanted noise using a 2" order band-pass
Butterworth filter with low cut-off frequency = 1Hz and high cut-off frequency = 10 Hz. To
identify the interval for each step (right and left), the acceleration-magnitude detector algo-
rithm was used. Here, steps are identified based on a threshold for the acceleration of the foot
of more than 2 m/s” in the sagittal plane. This threshold captured the start of the heel lift phase
(see Fig 1B). This algorithm is similar to the zero-velocity algorithm which uses a combination
of both accelerometer and gyroscope [49]. We considered a step successful if its duration was
greater than 625 ms. Furthermore, for each foot, we performed a principal component analysis
(PCA) on the sagittal acceleration profile: steps in which the first projection was greater than
the projection average minus its standard deviation were excluded. This criterion allowed us

2nd

to identify most of the steps during rotational movement which did not follow a stereotyped
dorsiflexion sequence. We validated the procedure to identify steps by visual inspection from
videos recorded during the task. Once each step start was identified, the temporal signal for
the accelerometer for the timeframe from 250 ms before to 1000 ms after the event was
extracted for further analysis. Velocity was obtained by cumulative trapezoidal numerical inte-
gration of the accelerometer profiles for each timeframe.

For our study of walking in people with PD, we divided the analysis into two stages: single
body part kinematics, and body symmetry and coordination. At each stage, we examined the
association between disease severity based on UPDRS score and the effects of dopaminergic
replacement therapy on movement.

In most of the cases, data was found to be non-normally distributed and for consistency
non-parametric methods were used through the paper. Non-parametric tests were used (U-
test or sign-rank test for paired observations) and Bonferroni corrections for multiple compar-
isons were adopted when needed. We used linear regression for correlating signals and
reported the results in terms of r*. A threshold of p = 0.05 for significance was adopted.

Single body part kinematics in PD progression. To measure and quantify divergence
from stereotypical behavior, we constructed a template of the 3D movement produced by
healthy volunteer (HV) participants during left or right steps for each body part. To create
those templates, we first created a 1D signal by concatenating the 3 axes (X, Y and Z) of the
acceleration signal for each sensor (body part, see S2A and S2B Fig). Then, for each sensor, we
generated a matrix in which each row was the time series of steps from the same side (right or
left) of each of the 31 healthy volunteers. We applied PCA (see S2A and S2B Fig) to the above
matrix to extract the main components of the movements. PCA is an invertible method to
decompose the original signal into uncorrelated primitives of movement: PCs (principal com-
ponents) represent dimensions of the movement of a healthy participant. In general, a limited
number of PCs (e.g. 2-3 dimensions) were able to capture most of the variance in continuous
movements. In this study, the first 3 PCs accounted between 42 and 70% (average + std = 58%
+ 9%) of the variance of the data (see Fig 2C). Capturing most of the signal allowed us to use
most of the intra-subject similarity ignoring the inter-subject variability. Once we obtained the
template of the stereotypical movements of the whole population of healthy participants, we
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projected the movements of PD participants into the same RDS. This allowed us to capture
abnormalities with respect to HV. In addition, we use these projections as features to assess
disease burden (see Figs 2 and 3). This procedure was performed independently for each step
and for each body part, as well as for each type of signal (acceleration and velocity). As shown
in S2D Fig, the use of an RDS allowed us to reconstruct movements to inspect the effect of the
disease on the movement profile.

As an initial assessment of the capability of the extracted features (projections) to character-
ize PD phenomenology we performed a U-test (corrected for multiple comparisons) to check
if the projections in each of the body parts were different in HV vs. PD participants. To quan-
tify the associations with PD progression, we calculate r* values after performing a linear
regression using the projected data in 3 PCs and UPDRS scores.

Single body part kinematics relative to medication (ON vs. OFF). To analyze the effects
of dopamine replacement therapy on movements, we modified the previous design to create
templates of body part movements for each participant during either ON or OFF medication
states. This means that for each participant we generated templates of movements specific to
that individual using the above-mentioned approach. By creating participant specific tem-
plates, we only need 2 PCs to represent more than 62% of the variance of the data. After pro-
jecting the signal on the 2-dimentional template, we compared the distribution of movements
of each body part during the ON versus OFF periods.

Body symmetry and coordination relative to PD severity. We wanted to quantify the
symmetry of body movement to produce a granular metric for subtle changes in body move-
ments. First, we transformed the data to make left and right movements comparable by invert-
ing the axes to project in the same directions. Then we created templates using the same
procedure as for single body kinematics (see previous section). To characterize movement sym-
metry between body parts, we computed a similarity value by calculating the dot product of the
average cluster of movements between two body parts. We were interested in four combinations
that captured coordination: a) right vs. left foot at right and left steps respectively, b) right wrist
at left step vs. left wrist at right step, c) lumbar at right step vs. lumbar at left step, and d) sternum
at right step vs. sternum at left step. After computing the similarity for each participant regard-
less of the session, we computed the r” values between the similarity and the UPDRS scores.

Supporting information

S1 Fig. Coordinate system of the wearable sensor and illustration of their location on the
body on one of the authors of the manuscript.
(DOCX)

S2 Fig. Analysis of sensor data. A—Analytic Pipeline. B—Three-dimensional data extracted
by each sensor at each step (see Methods) were converted to a 1D signal by concatenating the

3 axes (%, y and z). C-For each sensor for either left or right steps, we extracted the coefficients
of the first three principal components. Projection of the temporal profile on the coefficients of
the principle components produced the reduced dimensionality values used in the main analy-
sis. D—Reconstruction of the acceleration trajectories (main panel) from movements in the
RDS space (inset).

(DOCX)

S3 Fig. Acceleration profiles of the left and right foot of a PD participant without (OFF) or
after (ON) medication. Values of the acceleration are shown after adjusting signs (see Meth-
ods).

(DOCX)
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S1 Table. Discrimination PD vs. healthy participants by means of logistic regression, deci-
sion tree, random forest and Naive Bayes classifiers with 10-fold cross validation.
(DOCX)

Acknowledgments

The results presented in this manuscript originated from a collaboration between Pfizer (*)
and IBM (**): Project Blue Sky. We thank the support of Stephen Amato*, Peter Bergethon*,
Jon Bruno*, David Caouette*, Marco Cavallo**, Guillermo Cecchi**, Michael Kelley Erb*, Far-
han Hameed*, Tairmae Kangarloo®, Daniel Karlin*, Christine Kretz**, Vesper Ramos*, Jeremy
Rice**, Ajay Royyuru**, Robert Stackhouse**, Paul Wacnik*, and Hao Zhang*.

Author Contributions

Conceptualization: Vittorio Caggiano.

Data curation: Stephen Heisig, Avner Abrami, Bryan K. Ho.
Formal analysis: Carla Agurto.

Investigation: Bryan K. Ho, Vittorio Caggiano.

Software: Vittorio Caggiano.

Supervision: Vittorio Caggiano.

Validation: Carla Agurto, Stephen Heisig.

Visualization: Vittorio Caggiano.

Writing - original draft: Carla Agurto, Stephen Heisig, Vittorio Caggiano.

References

1. Park K, Dankowicz H, Hsiao-Wecksler ET. Characterization of spatiotemporally complex gait patterns
using cross-correlation signatures. Gait Posture. 2012; 36: 120—126. https://doi.org/10.1016/j.gaitpost.
2012.01.016 PMID: 22390962

2. Donker SF, Beek PJ, Wagenaar RC, Mulder T. Coordination between arm and leg movements during
locomotion. J Mot Behav. 2001; 33: 86—102. https://doi.org/10.1080/00222890109601905 PMID:
11303522

3. Drew T, Prentice S, Schepens B. Cortical and brainstem control of locomotion. Brain Mechanisms for
the Integration of Posture and Movement. Elsevier; 2004. pp. 251-261. https://doi.org/10.1016/S0079-
6123(03)43025-2 PMID: 14653170

4. Rodriguez-Oroz MC, Jahanshahi M, Krack P, Litvan I, Macias R, Bezard E, et al. Initial clinical manifes-
tations of Parkinson’s disease: features and pathophysiological mechanisms. Lancet Neurol. 2009; 8:
1128-1139. https://doi.org/10.1016/S1474-4422(09)70293-5 PMID: 19909911

5. Mazzoni P, Shabbott B, Cortés JC. Motor control abnormalities in Parkinson’s disease. Cold Spring
Harb Perspect Med. 2012; 2: 1-17. https://doi.org/10.1101/cshperspect.a009282 PMID: 22675667

6. Goetz CG, Tilley BC, Shaftman SR, Stebbins GT, Fahn S, Martinez-Martin P, et al. Movement Disorder
Society-Sponsored Revision of the Unified Parkinson’s Disease Rating Scale (MDS-UPDRS): Scale
presentation and clinimetric testing results. Mov Disord. 2008; 23: 2129-2170. https://doi.org/10.1002/
mds.22340 PMID: 19025984

7. PostB, Merkus MP, de Bie RMA, de Haan RJ, Speelman JD. Unified Parkinson’s Disease Rating Scale
motor examination: Are ratings of nurses, residents in neurology, and movement disorders specialists
interchangeable? Mov Disord. 2005; 20: 1577—1584. https://doi.org/10.1002/mds.20640 PMID:
16116612

8. Roemmich RT, Field AM, Elrod JM, Stegemoller EL, Okun MS, Hass CJ. Interlimb coordination is
impaired during walking in persons with Parkinson’s disease. Clin Biomech (Bristol, Avon). 2013; 28:
93-97. https://doi.org/10.1016/j.clinbiomech.2012.09.005 PMID: 23062816

PLOS ONE | https://doi.org/10.1371/journal.pone.0244842 February 17, 2021 13/15


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0244842.s004
https://doi.org/10.1016/j.gaitpost.2012.01.016
https://doi.org/10.1016/j.gaitpost.2012.01.016
http://www.ncbi.nlm.nih.gov/pubmed/22390962
https://doi.org/10.1080/00222890109601905
http://www.ncbi.nlm.nih.gov/pubmed/11303522
https://doi.org/10.1016/S0079-6123%2803%2943025-2
https://doi.org/10.1016/S0079-6123%2803%2943025-2
http://www.ncbi.nlm.nih.gov/pubmed/14653170
https://doi.org/10.1016/S1474-4422%2809%2970293-5
http://www.ncbi.nlm.nih.gov/pubmed/19909911
https://doi.org/10.1101/cshperspect.a009282
http://www.ncbi.nlm.nih.gov/pubmed/22675667
https://doi.org/10.1002/mds.22340
https://doi.org/10.1002/mds.22340
http://www.ncbi.nlm.nih.gov/pubmed/19025984
https://doi.org/10.1002/mds.20640
http://www.ncbi.nlm.nih.gov/pubmed/16116612
https://doi.org/10.1016/j.clinbiomech.2012.09.005
http://www.ncbi.nlm.nih.gov/pubmed/23062816
https://doi.org/10.1371/journal.pone.0244842

PLOS ONE

Walking to monitor Parkinson’s disease

10.

11.

12

13.

14.

15.

16.
17.

18.

19.

20.

21,

22,

23.

24,

25.

26.

27.

28.

Dietz V, Michel J. Locomotion in Parkinson’s disease: neuronal coupling of upper and lower limbs.
Brain. 2008; 131: 3421-3431. https://doi.org/10.1093/brain/awn263 PMID: 18930965

Nanhoe-Mahabier W, Snijders AH, Delval A, Weerdesteyn V, Duysens J, Overeem S, et al. Walking
patterns in Parkinson’s disease with and without freezing of gait. Neuroscience. 2011; 182: 217-224.
https://doi.org/10.1016/j.neuroscience.2011.02.061 PMID: 21382449

Huang X, Mahoney JM, Lewis MM, Du G, Piazza SJ, Cusumano JP. Both coordination and symmetry
of arm swing are reduced in Parkinson’s disease. Gait Posture. 2012; 35: 373-377. https://doi.org/10.
1016/j.gaitpost.2011.10.180 PMID: 22098825

Lewek MD, Poole R, Johnson J, Halawa O, Huang X. Arm swing magnitude and asymmetry during gait
in the early stages of Parkinson’s disease. Gait Posture. 2010; 31: 256—260. https://doi.org/10.1016/].
gaitpost.2009.10.013 PMID: 19945285

Sterling NW, Cusumano JP, Shaham N, Piazza SJ, Liu G, Kong L, et al. Dopaminergic modulation of
arm swing during gait among Parkinson’s disease patients. J Parkinsons Dis. 2015; 5: 141-150. https:/
doi.org/10.3233/JPD-140447 PMID: 25502948

Spasojevi¢ S, lli¢ TV, Stojkovic¢ |, Potkonjak V, Rodi¢ A, Santos-Victor J. Quantitative assessment of the
arm/hand movements in Parkinson’s disease using a wireless armband device. Front Neurol. 2017; 8.
https://doi.org/10.3389/fneur.2017.00388 PMID: 28848489

Mirelman A, Bonato P, Camicioli R, Ellis TD, Giladi N, Hamilton JL, et al. Gait impairments in Parkin-
son’s disease. Lancet Neurol. 2019. https://doi.org/10.1016/S1474-4422(19)30044-4

Bonato P. Wearable sensors and systems. IEEE Eng Med Biol Mag. 2010; 29: 25-36.

Monje MHG, Foffani G, Obeso J, Sanchez-Ferro A. New Sensor and Wearable Technologies to Aid in
the Diagnosis and Treatment Monitoring of Parkinson’s Disease. Annu Rev Biomed Eng. 2019; 21:
111-143. https://doi.org/10.1146/annurev-bioeng-062117-121036 PMID: 31167102

Abrami A, Heisig S, Ramos V, Thomas KC, Ho BK, Caggiano V. Using an unbiased symbolic move-
ment representation to characterize Parkinson’s disease states. Sci Rep. 2020; 10: 7377. https://doi.
org/10.1038/s41598-020-64181-3 PMID: 32355166

Del Din S, Godfrey A, Rochester L. Validation of an Accelerometer to Quantify a Comprehensive Bat-
tery of Gait Characteristics in Healthy Older Adults and Parkinson’s Disease: Toward Clinical and at
Home Use. IEEE J Biomed Heal Informatics. 2016; 20: 838—847. https://doi.org/10.1109/JBHI.2015.
2419317 PMID: 25850097

Del Din S, Godfrey A, Mazza C, Lord S, Rochester L. Free-living monitoring of Parkinson’s disease:
Lessons from the field. Mov Disord. 2016; 31: 1293—-1313. https://doi.org/10.1002/mds.26718 PMID:
27452964

Schlachetzki JCM, Barth J, Marxreiter F, Gossler J, Kohl Z, Reinfelder S, et al. Wearable sensors objec-
tively measure gait parameters in Parkinson’s disease. PLoS One. 2017; 12. https://doi.org/10.1371/
journal.pone.0183989 PMID: 29020012

Weiss A, Sharifi S, Plotnik M, Van Vugt JPP, Giladi N, Hausdorff JM. Toward automated, at-home
assessment of mobility among patients with Parkinson disease, using a body-worn accelerometer. Neu-
rorehabil Neural Repair. 2011. https://doi.org/10.1177/1545968311424869 PMID: 21989633

Cancela J, Pastorino M, Arredondo MT, Nikita KS, Villagra F, Pastor MA. Feasibility study of a wearable
system based on a wireless body area network for gait assessment in Parkinson’s disease patients.
Sensors (Basel). 2014; 14: 4618-4633. https://doi.org/10.3390/s140304618 PMID: 24608005

Herman T, Weiss A, Brozgol M, Giladi N, Hausdorff JM. Gait and balance in Parkinson’s disease sub-
types: objective measures and classification considerations. J Neurol. 2014; 261: 2401-2410. https://
doi.org/10.1007/s00415-014-7513-6 PMID: 25249296

Weiss A, Herman T, Giladi N, Hausdorff JM. Association between Community Ambulation Walking Pat-
terns and Cognitive Function in Patients with Parkinson’s Disease: Further Insights into Motor-Cognitive
Links. Parkinsons Dis. 2015; 2015: 547065. https://doi.org/10.1155/2015/547065 PMID: 26605103

Parisi F, Ferrari G, Giuberti M, Contin L, Cimolin V, Azzaro C, et al. Body-sensor-network-based kine-
matic characterization and comparative outlook of UPDRS scoring in leg agility, sit-to-stand, and Gait
tasks in Parkinson’s disease. IEEE J Biomed Heal Informatics. 2015; 19: 1777-1793. https://doi.org/10.
1109/JBHI.2015.2472640 PMID: 26316236

Sant’Anna A, Salarian A, Wickstrdom N. A new measure of movement symmetry in early Parkinson’s dis-
ease patients using symbolic processing of inertial sensor data. IEEE Trans Biomed Eng. 2011; 58:
2127-2135. https://doi.org/10.1109/TBME.2011.2149521 PMID: 21536527

Yogev G, Plotnik M, Peretz C, Giladi N, Hausdorff JM. Gait asymmetry in patients with Parkinson’s dis-
ease and elderly fallers: When does the bilateral coordination of gait require attention? Exp Brain Res.
2007; 177: 336-346. https://doi.org/10.1007/s00221-006-0676-3 PMID: 16972073

PLOS ONE | https://doi.org/10.1371/journal.pone.0244842 February 17, 2021 14/15


https://doi.org/10.1093/brain/awn263
http://www.ncbi.nlm.nih.gov/pubmed/18930965
https://doi.org/10.1016/j.neuroscience.2011.02.061
http://www.ncbi.nlm.nih.gov/pubmed/21382449
https://doi.org/10.1016/j.gaitpost.2011.10.180
https://doi.org/10.1016/j.gaitpost.2011.10.180
http://www.ncbi.nlm.nih.gov/pubmed/22098825
https://doi.org/10.1016/j.gaitpost.2009.10.013
https://doi.org/10.1016/j.gaitpost.2009.10.013
http://www.ncbi.nlm.nih.gov/pubmed/19945285
https://doi.org/10.3233/JPD-140447
https://doi.org/10.3233/JPD-140447
http://www.ncbi.nlm.nih.gov/pubmed/25502948
https://doi.org/10.3389/fneur.2017.00388
http://www.ncbi.nlm.nih.gov/pubmed/28848489
https://doi.org/10.1016/S1474-4422%2819%2930044-4
https://doi.org/10.1146/annurev-bioeng-062117-121036
http://www.ncbi.nlm.nih.gov/pubmed/31167102
https://doi.org/10.1038/s41598-020-64181-3
https://doi.org/10.1038/s41598-020-64181-3
http://www.ncbi.nlm.nih.gov/pubmed/32355166
https://doi.org/10.1109/JBHI.2015.2419317
https://doi.org/10.1109/JBHI.2015.2419317
http://www.ncbi.nlm.nih.gov/pubmed/25850097
https://doi.org/10.1002/mds.26718
http://www.ncbi.nlm.nih.gov/pubmed/27452964
https://doi.org/10.1371/journal.pone.0183989
https://doi.org/10.1371/journal.pone.0183989
http://www.ncbi.nlm.nih.gov/pubmed/29020012
https://doi.org/10.1177/1545968311424869
http://www.ncbi.nlm.nih.gov/pubmed/21989633
https://doi.org/10.3390/s140304618
http://www.ncbi.nlm.nih.gov/pubmed/24608005
https://doi.org/10.1007/s00415-014-7513-6
https://doi.org/10.1007/s00415-014-7513-6
http://www.ncbi.nlm.nih.gov/pubmed/25249296
https://doi.org/10.1155/2015/547065
http://www.ncbi.nlm.nih.gov/pubmed/26605103
https://doi.org/10.1109/JBHI.2015.2472640
https://doi.org/10.1109/JBHI.2015.2472640
http://www.ncbi.nlm.nih.gov/pubmed/26316236
https://doi.org/10.1109/TBME.2011.2149521
http://www.ncbi.nlm.nih.gov/pubmed/21536527
https://doi.org/10.1007/s00221-006-0676-3
http://www.ncbi.nlm.nih.gov/pubmed/16972073
https://doi.org/10.1371/journal.pone.0244842

PLOS ONE

Walking to monitor Parkinson’s disease

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

Lin C-C, Wagenaar RC. The impact of walking speed on interlimb coordination in individuals with Par-
kinson’s disease. J Phys Ther Sci. 2018/05/08. 2018; 30: 658—662. https://doi.org/10.1589/jpts.30.658
PMID: 29765175

Djaldetti R, Ziv I, Melamed E. The mystery of motor asymmetry in Parkinson’s disease. Lancet Neurol.
2006; 5: 796—-802. https://doi.org/10.1016/S1474-4422(06)70549-X PMID: 16914408

Rodriguez-Molinero A, Sama A, Pérez-Lépez C, Rodriguez-Martin D, Alcaine S, Mestre B, et al. Analy-
sis of Correlation between an Accelerometer-Based Algorithm for Detecting Parkinsonian Gait and
UPDRS Subscales. Front Neurol. 2017; 8: 431. https://doi.org/10.3389/fneur.2017.00431 PMID:
28919877

Chia N, Derrick J, Mikos V, Ng S, Tay A, Yen SC, et al. Temporal Gait Parameters in Parkinson’s Dis-
ease: A Study Using PDlogger, A Quantitative Gait Measuring Device. MOVEMENT DISORDERS.
2018. pp. S511—S512.

AL.P,J.R.HC.V-R,P.E.M,G.B, J.L. A. Asymmetrical pedaling patterns in Parkinson’s disease
patients. Clin Biomech. 2014; 29: 1089—1094.

Bruijn SM, Meijer OG, Beek PJ, van Dieen JH. The effects of arm swing on human gait stability. J Exp
Biol. 2010; 213: 3945-3952. https://doi.org/10.1242/jeb.045112 PMID: 21075935

Schneider SA, Drude L, Kasten M, Klein C, Hagenah J. A study of subtle motor signs in early Parkin-
son’s disease. Mov Disord. 2012. https://doi.org/10.1002/mds.25161 PMID: 23032728

Kagawa T, Uno Y. Necessary condition for forward progression in ballistic walking. Hum Mov Sci. 2010;
29: 964-976. https://doi.org/10.1016/j.humov.2010.03.007 PMID: 20655121

Takakusaki K, Saitoh K, Harada H, Kashiwayanagi M. Role of basal ganglia-brainstem pathways in the
control of motor behaviors. Neurosci Res. 2004; 50: 137-151. https://doi.org/10.1016/j.neures.2004.06.
015 PMID: 15380321

Caggiano V, Leiras R, Goni-Erro H, Masini D, Bellardita C, Bouvier J, et al. Midbrain circuits that set
locomotor speed and gait selection. Nature. 2018; 553: 455—460. https://doi.org/10.1038/nature25448
PMID: 29342142

Mori F, Okada K-I, Nomura T, Kobayashi Y. The Pedunculopontine Tegmental Nucleus as a Motor and
Cognitive Interface between the Cerebellum and Basal Ganglia. Front Neuroanat. 2016; 10: 109.
https://doi.org/10.3389/fnana.2016.00109 PMID: 27872585

Li H, Spitzer NC. Exercise enhances motor skill learning by neurotransmitter switching in the adult mid-
brain. Nat Commun. 2020; 11: 2195. https://doi.org/10.1038/s41467-020-16053-7 PMID: 32366867

Josset N, Roussel M, Lemieux M, Lafrance-Zoubga D, Rastgar A, Bretzner F. Distinct Contributions of
Mesencephalic Locomotor Region Nuclei to Locomotor Control in the Freely Behaving Mouse. Curr
Biol. 2018; 28: 884—901.e3. https://doi.org/10.1016/j.cub.2018.02.007 PMID: 29526593

Ausborn J, Shevtsova NA, Caggiano V, Danner SM, Rybak IA. Computational modeling of brainstem
circuits controlling locomotor frequency and gait. Elife. 2019; 8. https://doi.org/10.7554/eLife.43587
PMID: 30663578

Thevathasan W, Debu B, Aziz T, Bloem BR, Blahak C, Butson C, et al. Pedunculopontine nucleus deep
brain stimulation in Parkinson’s disease: A clinical review. Mov Disord. 2018; 33: 10—20. https://doi.org/
10.1002/mds.27098 PMID: 28960543

Erb MK, Daneault J-F, Amato SP, Bergethon PR, Demanuele C, Kangarloo T, et al. The BlueSky Proj-
ect: monitoring motor and non-motor characteristics of people with Parkinson’s disease in the labora-
tory, a simulated apartment, and home and community settings. Mov Disord 2018; 33.2018.

Hoehn MM, Yahr MD. Parkinsonism: onset, progression and mortality. Neurology. 1967; 17: 427—-442.
https://doi.org/10.1212/wnl.17.5.427 PMID: 6067254

Erb MK, Karlin DR, Ho BK, Thomas KC, Parisi F, Vergara-Diaz GP, et al. mHealth and wearable tech-
nology should replace motor diaries to track motor fluctuations in Parkinson’s disease. npj Digit Med.
2020; 3: 6. https://doi.org/10.1038/s41746-019-0214-x PMID: 31970291

Mancini M, Horak FB. Potential of APDM mobility lab for the monitoring of the progression of Parkin-
son’s disease. Expert Rev Med Devices. 2016; 13: 455—-462. https://doi.org/10.1586/17434440.2016.
1153421 PMID: 26872510

Popovic D, Sinkjeer T. Central nervous system lesions leading to disability. J Autom Control. 2008; 18:
11-23. https://doi.org/10.2298/JAC0802011P

Skog I, Handel P, Nilsson J-O, Rantakokko J. Zero-velocity detection—an algorithm evaluation. IEEE
Trans Biomed Eng. 2010; 57. https://doi.org/10.1109/TBME.2010.2060723 PMID: 20667801

PLOS ONE | https://doi.org/10.1371/journal.pone.0244842 February 17, 2021 15/15


https://doi.org/10.1589/jpts.30.658
http://www.ncbi.nlm.nih.gov/pubmed/29765175
https://doi.org/10.1016/S1474-4422%2806%2970549-X
http://www.ncbi.nlm.nih.gov/pubmed/16914408
https://doi.org/10.3389/fneur.2017.00431
http://www.ncbi.nlm.nih.gov/pubmed/28919877
https://doi.org/10.1242/jeb.045112
http://www.ncbi.nlm.nih.gov/pubmed/21075935
https://doi.org/10.1002/mds.25161
http://www.ncbi.nlm.nih.gov/pubmed/23032728
https://doi.org/10.1016/j.humov.2010.03.007
http://www.ncbi.nlm.nih.gov/pubmed/20655121
https://doi.org/10.1016/j.neures.2004.06.015
https://doi.org/10.1016/j.neures.2004.06.015
http://www.ncbi.nlm.nih.gov/pubmed/15380321
https://doi.org/10.1038/nature25448
http://www.ncbi.nlm.nih.gov/pubmed/29342142
https://doi.org/10.3389/fnana.2016.00109
http://www.ncbi.nlm.nih.gov/pubmed/27872585
https://doi.org/10.1038/s41467-020-16053-7
http://www.ncbi.nlm.nih.gov/pubmed/32366867
https://doi.org/10.1016/j.cub.2018.02.007
http://www.ncbi.nlm.nih.gov/pubmed/29526593
https://doi.org/10.7554/eLife.43587
http://www.ncbi.nlm.nih.gov/pubmed/30663578
https://doi.org/10.1002/mds.27098
https://doi.org/10.1002/mds.27098
http://www.ncbi.nlm.nih.gov/pubmed/28960543
https://doi.org/10.1212/wnl.17.5.427
http://www.ncbi.nlm.nih.gov/pubmed/6067254
https://doi.org/10.1038/s41746-019-0214-x
http://www.ncbi.nlm.nih.gov/pubmed/31970291
https://doi.org/10.1586/17434440.2016.1153421
https://doi.org/10.1586/17434440.2016.1153421
http://www.ncbi.nlm.nih.gov/pubmed/26872510
https://doi.org/10.2298/JAC0802011P
https://doi.org/10.1109/TBME.2010.2060723
http://www.ncbi.nlm.nih.gov/pubmed/20667801
https://doi.org/10.1371/journal.pone.0244842

