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Abstract: Motor fluctuations in Parkinson’s disease are characterized by unpredictability in the
timing and duration of dopaminergic therapeutic benefits on symptoms, including bradykinesia
and rigidity. These fluctuations significantly impair the quality of life of many Parkinson’s patients.
However, current clinical evaluation tools are not designed for the continuous, naturalistic (realworld) symptom monitoring needed to optimize clinical therapy to treat fluctuations. Although
commercially available wearable motor monitoring, used over multiple days, can augment neurological decision making, the feasibility of rapid and dynamic detection of motor fluctuations is
unclear. So far, applied wearable monitoring algorithms are trained on group data. In this study,
we investigated the influence of individual model training on short timescale classification of naturalistic bradykinesia fluctuations in Parkinson’s patients using a single-wrist accelerometer. As
part of the Parkinson@Home study protocol, 20 Parkinson patients were recorded with bilateral
wrist accelerometers for a one hour OFF medication session and a one hour ON medication session
during unconstrained activities in their own homes. Kinematic metrics were extracted from the
accelerometer data from the bodyside with the largest unilateral bradykinesia fluctuations across
medication states. The kinematic accelerometer features were compared over the 1 h duration of
recording, and medication-state classification analyses were performed on 1 min segments of data.
Then, we analyzed the influence of individual versus group model training, data window length,
and total number of training patients included in group model training, on classification. Statistically
significant areas under the curves (AUCs) for medication induced bradykinesia fluctuation classification were seen in 85% of the Parkinson patients at the single minute timescale using the group
models. Individually trained models performed at the same level as the group trained models (mean
AUC both 0.70, standard deviation respectively 0.18 and 0.10) despite the small individual training
dataset. AUCs of the group models improved as the length of the feature windows was increased to
300 s, and with additional training patient datasets. We were able to show that medication-induced
fluctuations in bradykinesia can be classified using wrist-worn accelerometry at the time scale of a
single minute. Rapid, naturalistic Parkinson motor monitoring has the clinical potential to evaluate
dynamic symptomatic and therapeutic fluctuations and help tailor treatments on a fast timescale.
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1. Introduction
Parkinson’s disease (PD) is a disabling neurodegenerative disorder characterized by
motor and non-motor symptoms that affect patients’ motor performance and quality of life
(QoL) [1–3]. Symptomatic PD management often initially focuses on dopamine replacement
therapies [4]. However, half of PD patients develop wearing-off motor fluctuations during
the first decade after diagnosis [5,6]. Wearing-off motor fluctuations are defined as inconsistent therapeutic benefits on symptoms such as bradykinesia and rigidity, despite regular
dopaminergic delivery [6]. These motor fluctuations and other dopaminergic-related side
effects can markedly impair patients’ QoL [7]. Motor fluctuations are therefore a primary
indication for consideration of deep brain stimulation (DBS) [1,8]. Adequate monitoring of
motor fluctuations is essential for treatment evaluation, both in the presence and absence
of DBS, and wearable motion sensing represents an appealing approach to support this
quantification [9,10], although several challenges remain to be addressed [11,12].
Ideally, objective motor fluctuation monitoring should accurately measure and decode
movement, during real world (naturalistic) activities, and be simple to implement for patients [10,13]. Currently used Parkinson’s evaluation tools, such as the Movement Disorders
Society Unified Parkinson Disease Rating Scale (MDS-UPDRS) and the Parkinson Disease
QoL questionnaire (PDQ-39), are not designed for chronic dynamic naturalistic symptom
monitoring [14,15]. They contain questionnaires which capture subjective estimates of
retrospective symptoms over a week (MDS-UPDRS II and IV) or a month (PDQ-39). They
are also dependent on patient recall, which is often imperfect, particularly in patients with
cognitive dysfunction. Observing and scoring motor fluctuations requires trained health
providers to perform single time point evaluations (MDS-UPDRS III). Motor diaries, often
used as the gold standard for 24-h naturalistic monitoring, require self-reporting every
30 min [16]. This burden causes recall bias and diary fatigue over long-term use [17].
The strong clinical need for continuous symptom tracking, together with the wide
availability and presence of affordable accelerometer-based sensors, has led to several academic and commercially available wearable sensor PD monitoring systems [18–22]. Motor
fluctuation monitoring with commercially available devices is currently based primarily
on summary metrics derived from multiple days of sensor data. Incorporation of these
metrics during neurological consultation has led to promising augmentation of clinical
decision making [21,23–26]. However, these sensor monitoring systems have thus far been
found to be better correlated with PD clinical metrics on a time scale of days rather than
hours [21,27], which is a notably longer time window than used in the original development studies [19,21,28–30]. Successful motor fluctuation classification over shorter time
periods (minutes or hours) would enable dynamic therapeutic motor response monitoring.
Thus, we have suggested individual model training as a methodological improvement
to pursue this. To date, motor monitoring algorithms have typically been trained on
group data; individual model training is suggested due to inter-subject heterogeneity of
PD symptomatology [11,18,20,31]. This hypothesis is strengthened by a recent successful
algorithm innovation combining short- and long-time epochs in a deep learning model
correlating wrist and ankle-worn accelerometer metrics with total UPDRS III scores on
5 min epochs [32].
In the present work, we investigated the performance of machine learning classification models identifying rapid (single minute resolution), medication-induced motor
fluctuations in PD patients. The classification models were trained on unconstrained
naturalistic (at home) motion data derived from a unilateral wrist-worn accelerometer.
Classification models based on individual data were compared with models based on
group data. Further, we analyzed the influence of the number of individuals included in
the group model training data, and the length of analyzed accelerometer data epochs (time
window lengths), on classification results. We focused symptom decoding on bradykinesia
since this cardinal feature of PD has been found to be more challenging to detect with
motion sensors than tremor or dyskinesia [1,33]. This is likely due to higher distribu-
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tional kinematic overlap of bradykinesia fluctuations with normal movements and normal
periods of rest [18,34–36].
We hypothesized that single-minute bradykinesia classification would be achievable
using machine learning and that individualized motion classification models in PD would
demonstrate more reliable short-term classification of naturalistic bradykinesia fluctuations
compared to group models.
2. Material and Methods
2.1. Study Sample
For our analysis, we used data from 20 participants of the Parkinson@Home validation
study [37]. Detailed descriptions of the study’s protocol and feasibility have been described
previously [38,39]. In brief, the Parkinson@Home study recruited 25 patients diagnosed
with PD by a movement disorders neurologist. All patients underwent dopaminergic
replacement treatment with oral levodopa therapy, experienced wearing-off periods (MDSUPDRS part IV item 4.3 ≥ 1) and had at least slight Parkinson-related gait impairments
(MDS-UPDRS part II item 2.12 ≥ 1 and/or item 2.13 ≥ 1). Participants who were treated
with advanced therapies (DBS or infusion therapies) or who suffered significant psychiatric
or cognitive impairments which hindered completion of the study protocol were excluded.
For the current subset of PD patients, we included 20 patients who showed a levodopainduced improvement in unilateral upper extremity bradykinesia at least at one side (equal
or less than zero points). Unilateral upper extremity bradykinesia was defined as the sum
of MDS-UPDRS part III items 3c, 4b, 5b, and 6b for the left side, and items 3b, 4a, 5a, and 6a
for the right side. Sum scores from medication on-states were compared with sum scores
from medication off-states. For each included participant, only data from the side with the
largest clinical change in upper extremity bradykinesia sub items were included. Patients’
activities were recorded on video and annotated as described in the validation study [37].
For our current analysis, only unilateral wrist tri-axial accelerometer data from the
side with the largest fluctuation in unilateral upper extremity bradykinesia were included
(Gait Up Physilog 4, Gait Up SA, CH). Recordings consisted of two sessions which took
place on the same day. First, the pre-medication recording was performed in the morning
after overnight withdrawal of dopaminergic medication. Second, the post-medication
recording was performed when the participants experienced the full clinical effect after
intake of their regular dopaminergic medication. During both recordings, participants
performed an hour of unconstrained activities within and around their houses. At the start
of both recordings, a formal MDS-UPDRS III and Abnormal Involuntary Movement Scale
(AIMS) was conducted by a trained clinician.
2.2. Data Pre-Processing and Feature Extraction
Accelerometer data were sampled at 200 Hz and downsampled to a uniform sampling
rate of 120 Hertz (Hz) using piecewise cubic interpolation. The effect of gravity was
removed from each of the three time series (x-, y-, and z-axes) separately, by applying
an l1-trend filter designed to analyze time series with an underlying piecewise linear
trend [40]. Time series were low-pass filtered at 3.5 Hz to attenuate frequencies typically
associated with Parkinsonian tremor in accelerometer time series [41]. In addition to the
three individual accelerometer time series, we computed a composite time series containing
the vector magnitude of the three individual accelerometer axes (x2 + y2 + z2 ).
Multiple features previously shown to correlate with bradykinesia were extracted
from the four time series (in total 103 features from four time series: x, y, z, and vector
magnitude) (see extensive overview including references in Table S1). The features included
characteristics from the temporal domain (such as extreme values, variances, jerkiness,
number of peaks, and root mean squares), the spectral domain (such as spectral power
in specific frequency ranges), and dominant frequencies. The standard window length of
analysis for each extracted feature was set at 60 s, meaning one mean value per feature
was extracted per time series over every 60 s of data. To explore the influence of varying

Sensors 2021, 21, 7876

4 of 16

window lengths (3, 10, 30, 90, 120, 150, and 300 s), separate feature sets were extracted
for each sub analysis. All individual feature sets were balanced for medication-status by
discarding the surplus of available data in the longest recording (pre- or post-medication).
Features were standardized by calculating individual z-scores per feature. To not average
out pre- and post-medication differences, the mean of only the pre-medication recordings
was extracted from a value, and the result was divided by the standard deviation of only
the pre-medication recordings [42]. To test the influence of an activity filter, data windows
without motion activity were identified. For this, different methodologies of activity
filtering are described in PD monitoring literature [9,43,44]. We applied an activity filter
which classified every 60 s window with a coefficient of variation of the vector magnitude
less than 0.3 as no activity and discarded them from the analysis. The choice of selected
feature was based on previous work [43], and the threshold was chosen pragmatically by
group-level observations of video-annotated sections identified as non-active [37]. The
activity-filtered data sets were individually balanced for medication-states. For example,
if a participant’s data set resulted in 50 active minutes of pre-medication data, and only
45 active minutes of post-medication data, the surplus of features from 5 active minutes of
pre-medication data was discarded at the end of the data set.
2.3. Descriptive Statistics and Analysis of Variance
The demographic and disease characteristics of the included participants are described
in Table 1. Unilateral scores are provided only for the side on which accelerometer data
was analyzed.
Table 1. Demographic and disease specific characteristics of patient population. AIMS: Abnormal
Involuntary Movement Scale. MDS-UPDRS: Movement Disorders Society Unified Parkinson Disease
Rating Scale. Sd: standard deviation.
Characteristics
Total number (% female)
Age (years, mean (sd))
Accelerometer data per medication state (minutes, mean (sd))
Accelerometer data per medication state, after activity filtering
(minutes, mean (sd))
PD duration (years, mean (sd))
Levodopa equivalent daily dosage (milligrams, mean (sd))
MDS-UPDRS III pre-medication
MDS-UPDRS III post-medication
AIMS pre-medication
AIMS post-medication

20 (60%)
63.4 (6.4)
59.5 (14.3)
44.5 (13.9)
8.1 (3.5)
959 (314)
43.8 (11.6)
27.1 (9.6)
0.5 (1.8)
3.7 (4.2)

To test the statistical distinguishability of the pre- and post-medication recordings
at the group level before using the entire dataset as an input, four main accelerometer
features were chosen a priori. These four features covered the most often used domains of
motion metrics applied for naturalistic bradykinesia monitoring (maximum acceleration,
coefficient of variation of acceleration over time, root mean square of acceleration over
time, and the total spectral power below 4 Hz) [18,43] and were extracted from the vector
magnitude time series. Individual averages of each of the four features over the entire
dataset (~60 min per condition) were analyzed for statistically significant differences
between the medication states with a multivariate analysis of variance (M-ANOVA). Posthoc repeated measures ANOVA were performed to explore which feature(s) contributed
to the pre- versus post-medication difference. An alpha-level of 0.05 was implemented
and multiple comparison correction was performed using the false discovery rate (FDR)
method described by Benjamini and Hochberg [45].
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2.4. Classification of Medication States
2.4.1. Individually Trained and Group Trained Models
Supervised classification analyses were performed to test whether differentiation
between short-term pre- and post-medication was feasible, based on 60 s accelerometer
features (Figure 1). First, this was tested using the four previously mentioned features
extracted from the vector magnitude signal. Afterward, the feature set was expanded
to include all described features, as well as the x, y, z time series (Table S1). Analyses
were performed using a support vector machine (SV) and a random forest (RF) classifier.
Classification models trained on individual data and models trained on group data were
then compared (Figure 1B).
For individually trained models, 80% of a participant’s total balanced data was used
as training data, and 20% as test data (Figure S1). Small blocks (2%) of training data which
neighbored the test data were discarded (Figure S1) to decrease the temporal dependence
between training and test data. To prevent bias caused by the selected block of test data,
a 41-fold cross-validation was performed. Each fold (out of 41) included two continual
blocks of 10% of total data, one block from the pre- and one block from the post-medication
recording as test data (percentiles 0 to 10 and 50–60, percentiles 1 to 11 and 51 to 61, . . . ,
and percentiles 40 to 50 and 90 to 100, see visualization in Figure S2).
For group-trained models, a leave one out cross-validation was performed. For every
participant, a model was trained based on all data (balanced for medication status) from
the remaining 19 participants and tested on all data (balanced for medication status) of the
specific participant (Figure 1B). To assess all models, the area under the receiver operator
curve (AUC) and the classification accuracy were calculated as predictive metrics. For the
individual models, individual classification outcomes were averaged over the 41 folds. All
parameters and details related to the implemented classifiers are available through the
GitHub codebase [46].
To test the statistical significance of each individual and group model performance,
5000 permutation tests were performed in which medication state labels were shuffled. The
95th percentile of permutation scores was taken as significance threshold (alpha = 0.05),
and FDR multiple comparison corrections were performed [45].
2.4.2. The Influence of Training Data Size, and Feature Window Lengths
To test the impact of the size of the training set on the group models, the training
phases were repeated with varying numbers of participants included in the training data.
As in the original group model analysis, the test data consisted of all data from one
participant. The number of training data participants varied between 1 and 19. To prevent
selection bias in the selection of the training participants, the analyses were repeated five
times per number of included training participants, with different random selections of
training participants. Individual classification models were excluded from this analysis by
definition.
To analyze the influence of feature window lengths, we repeated the group model
analysis with features extracted from data windows of 3, 10, 30, 90, 120, 150, and 300 s
duration. For every analysis, one participant was selected as a test participant, and the
other 19 were training participants. This was repeated for all participants and the averages
over 20 test participants were reported. This was performed at the group level modelling
only, as individual models were limited by total available data size.
2.4.3. Comparing Two Models’ Predictive Performance
Equality plots were drawn to compare the AUC scores and accuracies between two
models, for example a model using 4 features versus 103 features, a model using an SV
classifier versus an RF classifier, a model with versus without activity filtering (Figure S3).
All comparisons were performed separately for the individual and group models. For
example, model A led to a higher AUC score than model B in 14 out of 20 participants
(14 dots above the equality line). Permutation tests plotted 20 random dots on an equality
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plot and tested whether the permuted distribution generated 14 or more dots (out of 6 of 16
Sensors 2021, 21, x FOR PEER REVIEW
20) above the equality line. This was repeated 5000 times, and the probability that the
distribution 14 out of 20 was the result of chance was determined.
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2.4.2. The Influence of Training Data Size, and Feature Window Lengths
To test the impact of the size of the training set on the group models, the training
phases were repeated with varying numbers of participants included in the training data.
As in the original group model analysis, the test data consisted of all data from one
participant. The number of training data participants varied between 1 and 19. To prevent
selection bias in the selection of the training participants, the analyses were repeated five
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2.4.4. Predictive Performance and Clinical Assessed Symptom Fluctuations
The influence of clinical bradykinesia, tremor, and abnormal involuntary movement
fluctuations on predictive performance was tested at a group level by Spearman R correlations between the fluctuation in individual bradykinesia and tremor sub scores and
AIMS scores, and the predictive performance (Table S3). Individual participants were
visualized according to descending tremor and AIMS fluctuation ratings to enable visual
comparison of predictive performance with and without co-occurring tremor and abnormal
involuntary movement fluctuation (respectively Figure S4A,B). The tremor scores consisted
of the MDS-UPDRS III items representing unilateral upper extremity tremor (items 15b,
16b, and 17b for the left side, and items 15a, 16a, and 17a for the right side).
2.4.5. Software
Raw acceleration time series were down sampled and filtered (for gravity effects)
in Matlab. All further preprocessing, feature extraction, and analysis was performed in
Jupyter Notebook (Python 3.7). The code used to extract features and analyze data is made
publically available [46].
2.4.6. Code and Data Availability
The code used to extract features and analyze data is publicly available [46]. The
de-identified open source dataset will be made available to the scientific community by the
Michael J. Fox Foundation.
3. Results
3.1. Study Population and Recorded Data
Twenty PD patients from the Parkinson@Home data repository [37] were included
in this study. We excluded three participants who did not show a levodopa-induced
improvement in unilateral upper extremity bradykinesia and two participants were further
excluded because there was less than 40 min of accelerometer data available from their preor post-medication recording, resulting in a dataset of 20 patients.
Demographic and disease-specific characteristics are presented in Table 1. In total,
3138 min of accelerometer data were recorded in the 20 included patients. After balancing
the data sets for medication status, 2380 min of accelerometer data were included. On
average, 59.5 (±14.3) min of accelerometer data from both pre- and post-medication recordings were included per participant. On average, 44.5 min (±13.9 min) of features were
included after applying the activity filter and balancing the individual data to include
equal individual features per medication state.
We extracted multiple features which are described in the current literature to index
naturalistic bradykinesia with a wrist accelerometer (see Table S1 for details and references).
In total, 103 motion accelerometer features were extracted for every feature window,
including both time domain and spectral features from the accelerometer.
3.2. Group Level Statistical Analysis of Cardinal Motion Features across Medication States
At the group level, the pre- and post-medication recordings differed significantly
regarding the individual means of the four main motion features (maximum acceleration magnitude, coefficient of variation of acceleration magnitude, root mean square of
acceleration, and spectral power (below 4 Hz) [18,43]) (MANOVA, Wilk’s lamba = 0.389,
F-value = 14.2, p < 0.001). Post-hoc repeated measures ANOVAs demonstrated that only
the individual coefficient of variation averages significantly differed between pre- and
post-medication states (p = 0.0042) (Figure 2).
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generation.
yielded
AUC
scores
and accuracies
significantly
better
than chance level (17 out of 20
In 90% of
participants
(18 out
of 20), either
thesurrogate
best individual
orgeneration.
group model classified
participants
per
model), tested
through
random
dataset
medication states per 60 s significantly better than chance level based on our surrogate
datasets (Figure 3 and Table S2). Group trained models resulted in AUC scores statistically
significantly higher than random classification in 17 participants. Individually trained
models resulted in AUC scores statistically significantly higher than random classification
in 13 participants. Both individual and group models resulted in mean AUC scores of 0.70
(±respectively 0.18 and 0.10), and mean accuracies of respectively 65% (±0.14) and 64%
(±0.08) over all 20 participants (Figure 3, Table S2). Notably, the individual models resulted
in a larger standard deviation of AUC scores, including several AUC scores higher than 0.9
as well as below chance level (Figure 3).
Overall, these findings confirmed the feasibility of rapid naturalistic bradykinesia classification based on wrist-worn accelerometer metrics. Individual model training resulted in
a similar mean AUC with a wider standard deviation compared to group model training.
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yielded a higher AUC score with the individual model than with the group model.
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Table S3,
all(13,
p-values
larger
than 0.1).
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an 58)
individual
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(Figure
S4A).
Similarly,
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significant
AUC
scores
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participants
(2, 15,(39,
51, and
significant AUC scores in participants with (13, 24, and 79) andwith
without
51, and 58)
79) and without (39, 18, 24, and 90) AIMS fluctuations (Figure S4B).
tremor fluctuations (Figure S4A). Similarly, we found significant AUC scores in
Individual predictive performance was found not to be proportional to the size of
participants
with
(2, 15, 51,suggesting
and 79) and
18, 24,
90) AIMS
tremor or AIMS
fluctuations,
the without
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of using
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metricsfluctuations
for
(Figure
S4B).
PD patients
with and without tremor and abnormal involuntary movements. Meanwhile,
Individual
predictivedid
performance
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not toperformance,
be proportional
to the size of
the severity
of bradykinesia
not influence
the found
classification
suggesting
tremor
orof
AIMS
fluctuations,
suggesting
feasibility of using
the applied
metrics for PD
feasibility
the metrics
for patients
with eventhe
mild-to-moderate
bradykinesia
fluctuations.
patients with and without tremor and abnormal involuntary movements. Meanwhile, the
3.5. Influence of Training Data Size and Feature Window Length
severity of bradykinesia did not influence the classification performance, suggesting
We found
increase
in the for
predictive
performance
(AUC)mild-to-moderate
of the group models as
the
feasibility
of anthe
metrics
patients
with even
bradykinesia
number of patient datasets used during model training was increased (Figure 4A). Above
fluctuations.
15 participants, the increase in mean AUC levelled off toward the 19 included participants.
Next, we wanted to investigate the impact of the accelerometer data feature window
length on the predictive performance of the group models. Increasing the length of the
feature windows up to 300 s improved the mean AUC (Figure 4B). Due to data size
limitations, the feature windows were not expanded further than 300 s. These analyses
could not be reproduced for the individual models due to data size limitations.
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characteristic; SV: support vector classifier; RF: random forest classifier.
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resulted
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group
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in a mean
AUCboth
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on thein
60asmean
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where
the individual
models’ AUC scores had a larger standard deviation (Figure 3, Table S2). Expansion of
the data epoch length (from 60 to 300 s), as well as inclusion of more training participants,
improved AUC scores in the group models. Limited individual data sizes withheld us
from testing individual models with expanded data epochs and may explain the larger
standard deviation for individual model AUCs (Figures 1B and S1).
These results represent the first demonstration of classification of Parkinsonian bradykinesia fluctuations using individually-trained models for single-wrist accelerometer data on
a rapid timescale. Although we showed statistically significant classification over short
time windows, we did not find added value yielded by individual model training based
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on our current results. Reproduction with longer accelerometer recordings for individuals
is, however, likely to improve classification results further.
The significant difference of only the mean individual coefficient of variance between
pre- and post-medication recordings (Figure 2) may be explained by a suggested larger
discriminative potential of naturalistic sensor features describing a distribution rather than
describing extreme values or sum scores [11].
In general, the presented classification models were notable due to the unconstrained
naturalistic (real-world) data collection environment and short time scale of classification.
Operating at this shorter timescale, the models showed good classification performance
compared with benchmark naturalistic medication-state detection models (Figure 3) [34–36].
Although better classification performances have previously been described with models
using data over longer timescales or from more constrained recording scenarios, these
methodologies improved classification results at the cost of less naturalistic generalizability [18,22,27,28,43]. Adding a second motion sensor would likely increase performance at
the cost of user-friendliness and feasibility [32]. Systems using wrist, ankle and/or axial
motion sensors have the theoretical advantage of being more sensitive for arm versus legand gait-centered symptomatology.
4.1. Clinical Relevance and Methodological Challenges of Naturalistic and Rapid PD
Motor Monitoring
Wearable accelerometer-based PD monitoring systems have been developed to augment therapeutic decision making, [20,21,23] and to augment clinical assessments in pharmacological trials [11,47]. Previous systems have been validated over the course of days.
However, other suggested clinical state tracking applications would require short time
scale feedback [22], including fine-grained cycle-by-cycle medication adjustments and conventional [48,49] or adaptive [50–53] deep brain stimulation programming. Moreover, the
significant predictive performance in patients with and without both tremor and dyskinesia
(AIMS) fluctuations underlines the potential of dynamic naturalistic monitoring for a wide
spectrum of PD patients (Figure S4A,B). The latter was important to investigate despite the
filtering out of typical tremor bandwidths, since solely band pass filtering cannot rule out
any influence of tremor dynamics.
Notably, we observed marked differences in classification accuracy using either 4 accelerometer features or 103 features (Figures 3 and S3). This suggests that bradykinesia
classification on shorter timescales, requires rich feature sets. The significance testing
with surrogate datasets aimed to rule out any resulting overfitting. However, a thorough
comparison of feature sets is often complicated by proprietary algorithms or the lack of
open-source code [12]. This underlines the importance of transparent, open source, and
reproducible movement metric feature sets for naturalistic PD monitoring [54,55].
Another methodological challenge for rapid, objective, naturalistic short-term PD
monitoring is the lack of a high-quality labelling of data on the same time scale. PD clinical
assessment tools, currently applied as gold standards, are limited in their applicability for
rapid time scales. Multiple longitudinal time windows of the dynamic accelerometer time
series are labelled with a single clinical score, which weakens model training and evaluation.
In effect, sensor-based outcomes are often aggregated to match clinical evaluation metrics
and time scales, which might account for the current upper limit in wearable classification
performance [21,24,29]. PD-specific eDiaries [56–59] labelled video-recordings on fine time
scales [60], and other virtual telemedicine concepts [61] may contribute to this challenge.
4.2. Future Scientific Opportunities to Improve Naturalistic PD Monitoring Development
We predict that the coming expansion of real-world motion data sets, containing
long-term data over weeks to years in patients with PD, will support optimization of
individually-trained models [62]. These larger datasets will also allow the exploration of
alternative, more data-dependent, computational analyses, such as deep neural network
classification and learning [35,63]. Moreover, unsupervised machine learning models could
also be explored to overcome the issues of lacking temporally matching gold standard
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for model training and evaluation by surpassing the need for long-term, repetitive, true
labels [11,64]. The observed discriminative potential of the coefficient of variation (Figure 2)
might be of value in post hoc differentiation of clusters in unsupervised machine learning
models.
Additionally, open-source research initiatives should catalyze the development of naturalistic PD monitor models which are not dependent on proprietary software [10,43]. The
Mobilize-D consortium, for example, introduced a roadmap to standardize and structure
naturalistic PD monitoring by creating specific “unified digital mobility outcomes” [54,55].
During the development of these outcomes, features describing distribution ranges and
extreme values—rather than means or medians—should be considered [11]. Parallel to
open-source initiatives, other creative collaborations between industry and academia, such
as data challenges, might offer valuable (interdisciplinary) cross-fertilization [65]. Furthermore, adding more limb sensors to improve naturalistic PD monitoring is controversial.
Although there is evidence supporting the combined use of wrist, ankle [32,66], or insoles [67] sensory tracking, other reports have not shown improved performance and
instead described additional burden to the patient [35,68,69].
4.3. Limitations
Our study was limited by the individual data set sizes, which restricted inferences that
could be made regarding models trained with individual versus group data. Additionally,
the unconstrained character of the pre- and post-medication recordings led to an imbalance
in terms of captured activities during the two medication states. The applied activity-filter
addressed this limitation partly but does not rule out imbalance in exact activities. This
imbalance compromises pattern recognition based data analysis [35], but is also inherent
to naturalistic PD monitoring [18]. Exploring the boundaries of this limitation is essential
for future PD monitor applications. Replication of our methodologies in larger data sets,
and inclusion of validated activity classifiers may contribute to overcoming this limitation.
Future studies should also aim to detect symptom states beyond a binary differentiation
between on- versus off-medication.
5. Conclusions
We demonstrated that classification of naturalistic bradykinesia fluctuations at the
single-minute time scale was feasible with machine learning models trained on both
individual and group data in PD patients using a single wrist-worn accelerometer. At longer
timescales (i.e., an hour), a single accelerometer feature, the coefficient of variation, was
predictive of bradykinesia at the group level. Extension of short accelerometer time epochs
and an increased number of training patients improved classification of group-trained
models. Rapid, dynamic monitoring has the potential to support personalized and precise
therapeutic optimization with medication and stimulation therapies in Parkinson’s patients.
Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/s21237876/s1, Table S1: Overview of extracted features. Figure S1: Schematic visualization of
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and predictive performance at an individual level.
Author Contributions: Study conception and design: J.G.V.H., S.L., R.G. and P.A.S.; Data acquisition:
B.R.B. and L.J.W.E.; Data analysis: J.G.V.H., R.G. and S.L.; Writing manuscript: J.G.V.H., S.L. and
R.G.; Critical revision of analysis and manuscript: J.G.V.H., C.H., P.L.K., L.J.W.E., M.L.K., Y.T., B.R.B.,
P.A.S., R.G. and S.L.; All authors have read and agreed to the published version of the manuscript.
Funding: J.G.V.H. received funding from the Dutch Health Research Funding Body ZonMW (PTO2
grant nr. 446001063) and the Dutch Parkinson Foundation for this work. J.G.V.H., P.L.K. and

Sensors 2021, 21, 7876

13 of 16

Y.T. received funding from the Stichting Weijerhorst. S.L. is supported by the Weill Investigators
Award Program.
Institutional Review Board Statement: The study protocol was approved by the local medical
ethics committee (Commissie Mensgebonden Onderzoek, region Arnhem-Nijmegen, file number
2016-1776). All participants received verbal and written information about the study protocol and
signed a consent form prior to participation, in line with the Declaration of Helsinki.
Informed Consent Statement: All patients gave written Informed Consent according to the above
described medical ethical protocol (Commissie Mensgebonden Onderzoek, region Arnhem-Nijmegen,
file number 2016-1776).
Data Availability Statement: The de-identified open source dataset will be made available to the
scientific community by the Michael J. Fox Foundation.
Acknowledgments: The authors want to thank Robert Wilt for his organizational support during
this project. This research was supported by personal travel grants awarded to J.G.V.H. by the
Dutch Science Funding Body ZonMW (Translational Research 446001063) and the Dutch Parkinson
FOUndation, by the Weijerhorst Foundation grant awarded to Y.T. and P.L.K., and by the Weill
Investigators Award Program supporting S.J.L.
Conflicts of Interest: None of the authors have a conflict of interest. J.G.V.H. received funding from
the Dutch health care research organization ZonMW (Translational Research 2017–2024 grant nr.
446001063). J.G.V.H., P.T. and Y.T. received funding from the Stichting Weijerhorst. C.H. received a
VENI-funding from the Dutch Research Council (WMO). S.L. and research reported in this publication
was supported by the National Institute Of Neurological Disorders And Stroke of the National
Institutes of Health under Award Number K23NS120037. The content is solely the responsibility of
the authors and does not necessarily represent the official views of the National Institutes of Health.

References
1.
2.
3.
4.
5.

6.
7.

8.

9.
10.

11.
12.
13.

Bloem, B.R.; Okun, M.S.; Klein, C. Parkinson’s Disease. Lancet Lond. Engl. 2021, 397, 2284–2303. [CrossRef]
Jankovic, J.; Tan, E.K. Parkinson’s Disease: Etiopathogenesis and Treatment. J. Neurol. Neurosurg. Psychiatry 2020, 91, 795–808.
[CrossRef] [PubMed]
Kuhlman, G.D.; Flanigan, J.L.; Sperling, S.A.; Barrett, M.J. Predictors of Health-Related Quality of Life in Parkinson’s Disease.
Park. Relat. Disord. 2019, 65, 86–90. [CrossRef] [PubMed]
De Bie, R.M.A.; Clarke, C.E.; Espay, A.J.; Fox, S.H.; Lang, A.E. Initiation of Pharmacological Therapy in Parkinson’s Disease:
When, Why, and How. Lancet Neurol. 2020, 19, 452–461. [CrossRef]
Fasano, A.; Fung, V.S.C.; Lopiano, L.; Elibol, B.; Smolentseva, I.G.; Seppi, K.; Takáts, A.; Onuk, K.; Parra, J.C.; Bergmann, L.; et al.
Characterizing Advanced Parkinson’s Disease: OBSERVE-PD Observational Study Results of 2615 Patients. BMC Neurol. 2019,
19, 50. [CrossRef] [PubMed]
Kim, H.-J.; Mason, S.; Foltynie, T.; Winder-Rhodes, S.; Barker, R.A.; Williams-Gray, C.H. Motor Complications in Parkinson’s
Disease: 13-Year Follow-up of the CamPaIGN Cohort. Mov. Disord. 2020, 35, 185–190. [CrossRef] [PubMed]
Hechtner, M.C.; Vogt, T.; Zöllner, Y.; Schröder, S.; Sauer, J.B.; Binder, H.; Singer, S.; Mikolajczyk, R. Quality of Life in Parkinson’s
Disease Patients with Motor Fluctuations and Dyskinesias in Five European Countries. Park. Relat. Disord. 2014, 20, 969–974.
[CrossRef]
Fox, S.H.; Katzenschlager, R.; Lim, S.Y.; Barton, B.; de Bie, R.M.A.; Seppi, K.; Coelho, M.; Sampaio, C. International Parkinson and
Movement Disorder Society Evidence-Based Medicine Review: Update on Treatments for the Motor Symptoms of Parkinson’s
Disease. Mov. Disord. 2018, 33, 1248–1266. [CrossRef]
Van Hilten, J.J.; Middelkoop, H.A.; Kerkhof, G.A.; Roos, R.A. A New Approach in the Assessment of Motor Activity in Parkinson’s
Disease. J. Neurol. Neurosurg. Psychiatry 1991, 54, 976–979. [CrossRef]
Espay, A.J.; Hausdorff, J.M.; Sanchez-Ferro, A.; Klucken, J.; Merola, A.; Bonato, P.; Paul, S.S.; Horak, F.B.; Vizcarra, J.A.; Mestre,
T.A.; et al. A Roadmap for Implementation of Patient-Centered Digital Outcome Measures in Parkinson’s Disease Obtained
Using Mobile Health Technologies. Mov. Disord. 2019, 34, 657–663. [CrossRef]
Warmerdam, E.; Hausdorff, J.M.; Atrsaei, A.; Zhou, Y.; Mirelman, A.; Aminian, K.; Espay, A.J.; Hansen, C.; Evers, L.J.; Keller, A.
Long-Term Unsupervised Mobility Assessment in Movement Disorders. Lancet Neurol. 2020, 19, 462–470. [CrossRef]
Fasano, A.; Mancini, M. Wearable-Based Mobility Monitoring: The Long Road Ahead. Lancet Neurol. 2020, 19, 378–379. [CrossRef]
Odin, P.; Chaudhuri, K.R.; Volkmann, J.; Antonini, A.; Storch, A.; Dietrichs, E.; Pirtosek, Z.; Henriksen, T.; Horne, M.; Devos, D.;
et al. Viewpoint and Practical Recommendations from a Movement Disorder Specialist Panel on Objective Measurement in the
Clinical Management of Parkinson’s Disease. NPJ Park. Dis. 2018, 4, 14. [CrossRef]

Sensors 2021, 21, 7876

14.

15.
16.
17.
18.
19.
20.

21.

22.

23.

24.
25.
26.
27.

28.

29.
30.
31.
32.
33.

34.

35.

36.
37.

14 of 16

Goetz, C.G.; Tilley, B.C.; Shaftman, S.R.; Stebbins, G.T.; Fahn, S.; Martinez-Martin, P.; Poewe, W.; Sampaio, C.; Stern, M.B.; Dodel,
R.; 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. [CrossRef]
Hagell, P.; Nygren, C. The 39 Item Parkinson’s Disease Questionnaire (PDQ-39) Revisited: Implications for Evidence Based
Medicine. J. Neurol. Neurosurg. Psychiatry 2007, 78, 1191–1198. [CrossRef]
Hauser, R.A.; McDermott, M.P.; Messing, S. Factors Associated with the Development of Motor Fluctuations and Dyskinesias in
Parkinson Disease. Arch. Neurol. 2006, 63, 1756–1760. [CrossRef]
Papapetropoulos, S.S. Patient Diaries as a Clinical Endpoint in Parkinson’s Disease Clinical Trials. CNS Neurosci. Ther. 2012, 18,
380–387. [CrossRef] [PubMed]
Thorp, J.E.; Adamczyk, P.G.; Ploeg, H.L.; Pickett, K.A. Monitoring Motor Symptoms During Activities of Daily Living in
Individuals With Parkinson’s Disease. Front Neurol. 2018, 9, 1036. [CrossRef] [PubMed]
Horne, M.K.; McGregor, S.; Bergquist, F. An Objective Fluctuation Score for Parkinson’s Disease. PLoS ONE 2015, 10, e0124522.
[CrossRef] [PubMed]
Sama, A.; Perez-Lopez, C.; Rodriguez-Martin, D.; Catala, A.; Moreno-Arostegui, J.M.; Cabestany, J.; de Mingo, E.; RodriguezMolinero, A. Estimating Bradykinesia Severity in Parkinson’s Disease by Analysing Gait through a Waist-Worn Sensor. Comput.
Biol. Med. 2017, 84, 114–123. [CrossRef]
Powers, R.; Etezadi-Amoli, M.; Arnold, E.M.; Kianian, S.; Mance, I.; Gibiansky, M.; Trietsch, D.; Alvarado, A.S.; Kretlow, J.D.;
Herrington, T.M.; et al. Smartwatch Inertial Sensors Continuously Monitor Real-World Motor Fluctuations in Parkinson’s Disease.
Sci. Transl. Med. 2021, 13, eabd7865. [CrossRef] [PubMed]
Sica, M.; Tedesco, S.; Crowe, C.; Kenny, L.; Moore, K.; Timmons, S.; Barton, J.; O’Flynn, B.; Komaris, D.-S. Continuous Home
Monitoring of Parkinson’s Disease Using Inertial Sensors: A Systematic Review. PLoS ONE 2021, 16, e0246528. [CrossRef]
[PubMed]
Pahwa, R.; Isaacson, S.H.; Torres-Russotto, D.; Nahab, F.B.; Lynch, P.M.; Kotschet, K.E. Role of the Personal KinetiGraph in the
Routine Clinical Assessment of Parkinson’s Disease: Recommendations from an Expert Panel. Expert Rev. Neurother. 2018, 18,
669–680. [CrossRef]
Santiago, A.; Langston, J.W.; Gandhy, R.; Dhall, R.; Brillman, S.; Rees, L.; Barlow, C. Qualitative Evaluation of the Personal
KinetiGraph TM Movement Recording System in a Parkinson’s Clinic. J. Park. Dis. 2019, 9, 207–219. [CrossRef]
Joshi, R.; Bronstein, J.M.; Keener, A.; Alcazar, J.; Yang, D.D.; Joshi, M.; Hermanowicz, N. PKG Movement Recording System Use
Shows Promise in Routine Clinical Care of Patients with Parkinson’s Disease. Front. Neurol. 2019, 10, 1027. [CrossRef]
Farzanehfar, P.; Woodrow, H.; Horne, M. Assessment of Wearing Off in Parkinson’s Disease Using Objective Measurement. J.
Neurol. 2020, 268, 914–922. [CrossRef]
Ossig, C.; Gandor, F.; Fauser, M.; Bosredon, C.; Churilov, L.; Reichmann, H.; Horne, M.K.; Ebersbach, G.; Storch, A. Correlation of
Quantitative Motor State Assessment Using a Kinetograph and Patient Diaries in Advanced PD: Data from an Observational
Study. PLoS ONE 2016, 11, e0161559. [CrossRef] [PubMed]
Rodriguez-Molinero, A.; Sama, A.; Perez-Martinez, D.A.; Perez Lopez, C.; Romagosa, J.; Bayes, A.; Sanz, P.; Calopa, M.; GalvezBarron, C.; de Mingo, E.; et al. Validation of a Portable Device for Mapping Motor and Gait Disturbances in Parkinson’s Disease.
JMIR Mhealth Uhealth 2015, 3, e9. [CrossRef]
Rodriguez-Molinero, A. Monitoring of Mobility of Parkinson’s Patients for Therapeutic Purposes—Clinical Trial (MoMoPa-EC).
Available online: https://clinicialtrials.gov/ct2/show/NCT04176302 (accessed on 3 May 2021).
Great Lake Technologies Kinesia 360 Parkinson’s Monitoring Study 2018. Available online: https://clinicialtrials.gov/ct2/show/
NCT02657655 (accessed on 3 May 2021).
Van Halteren, A.D.; Munneke, M.; Smit, E.; Thomas, S.; Bloem, B.R.; Darweesh, S.K.L. Personalized Care Management for Persons
with Parkinson’s Disease. J. Park. Dis. 2020, 10, S11–S20. [CrossRef]
Hssayeni, M.D.; Jimenez-Shahed, J.; Burack, M.A.; Ghoraani, B. Ensemble Deep Model for Continuous Estimation of Unified
Parkinson’s Disease Rating Scale III. Biomed. Eng. Online 2021, 20, 32. [CrossRef]
Clarke, C.E.; Patel, S.; Ives, N.; Rick, C.E.; Woolley, R.; Wheatley, K.; Walker, M.F.; Zhu, S.; Kandiyali, R.; Yao, G.; et al. UK
Parkinson’s Disease Society Brain Bank Diagnostic Criteria; NIHR Journals Library; 2016. Available online: www.ncbi.nlm.nih.gov/
books/NBK37 (accessed on 3 May 2021).
Shawen, N.; O’Brien, M.K.; Venkatesan, S.; Lonini, L.; Simuni, T.; Hamilton, J.L.; Ghaffari, R.; Rogers, J.A.; Jayaraman, A. Role
of Data Measurement Characteristics in the Accurate Detection of Parkinson’s Disease Symptoms Using Wearable Sensors. J.
NeuroEng. Rehabil. 2020, 17, 52. [CrossRef]
Lonini, L.; Dai, A.; Shawen, N.; Simuni, T.; Poon, C.; Shimanovich, L.; Daeschler, M.; Ghaffari, R.; Rogers, J.A.; Jayaraman, A.
Wearable Sensors for Parkinson’s Disease: Which Data Are Worth Collecting for Training Symptom Detection Models. Npj Digit.
Med. 2018, 1, 64. [CrossRef]
Fisher, J.M.; Hammerla, N.Y.; Ploetz, T.; Andras, P.; Rochester, L.; Walker, R.W. Unsupervised Home Monitoring of Parkinson’s
Disease Motor Symptoms Using Body-Worn Accelerometers. Park. Relat. Disord. 2016, 33, 44–50. [CrossRef]
Evers, L.J.; Raykov, Y.P.; Krijthe, J.H.; Silva de Lima, A.L.; Badawy, R.; Claes, K.; Heskes, T.M.; Little, M.A.; Meinders, M.J.; Bloem,
B.R. Real-Life Gait Performance as a Digital Biomarker for Motor Fluctuations: The Parkinson@Home Validation Study. J. Med.
Internet Res. 2020, 22, e19068. [CrossRef] [PubMed]

Sensors 2021, 21, 7876

38.

39.

40.
41.

42.
43.
44.
45.
46.
47.

48.
49.
50.
51.

52.

53.
54.

55.
56.
57.

58.

59.
60.

61.

15 of 16

De Lima, A.L.S.; Hahn, T.; de Vries, N.M.; Cohen, E.; Bataille, L.; Little, M.A.; Baldus, H.; Bloem, B.R.; Faber, M.J. Large-Scale
Wearable Sensor Deployment in Parkinson’s Patients: The Parkinson@Home Study Protocol. JMIR Res. Protoc. 2016, 5, e5990.
[CrossRef]
De Lima, A.L.S.; Hahn, T.; Evers, L.J.W.; de Vries, N.M.; Cohen, E.; Afek, M.; Bataille, L.; Daeschler, M.; Claes, K.; Boroojerdi, B.;
et al. Feasibility of Large-Scale Deployment of Multiple Wearable Sensors in Parkinson’s Disease. PLoS ONE 2017, 12, e0189161.
[CrossRef]
Kim, S.J.; Koh, K.; Boyd, S.; Gorinevsky, D.L. Trend Filtering. SIAM Rev. 2009, 51, 339–360. [CrossRef]
Van Brummelen, E.M.J.; Ziagkos, D.; de Boon, W.M.I.; Hart, E.P.; Doll, R.J.; Huttunen, T.; Kolehmainen, P.; Groeneveld, G.J.
Quantification of Tremor Using Consumer Product Accelerometry Is Feasible in Patients with Essential Tremor and Parkinson’s
Disease: A Comparative Study. J. Clin. Mov. Disord. 2020, 7, 4. [CrossRef]
Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.
Scikit-Learn: Machine Learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830.
Mahadevan, N.; Demanuele, C.; Zhang, H.; Volfson, D.; Ho, B.; Erb, M.K.; Patel, S. Development of Digital Biomarkers for Resting
Tremor and Bradykinesia Using a Wrist-Worn Wearable Device. NPJ Digit. Med. 2020, 3, 5. [CrossRef] [PubMed]
Keijsers, N.L.; Horstink, M.W.; Gielen, S.C. Ambulatory Motor Assessment in Parkinson’s Disease. Mov. Disord. 2006, 21, 34–44.
[CrossRef]
Korthauer, K.; Kimes, P.K.; Duvallet, C.; Reyes, A.; Subramanian, A.; Teng, M.; Shukla, C.; Alm, E.J.; Hicks, S.C. A Practical Guide
to Methods Controlling False Discoveries in Computational Biology. Genome Biol. 2019, 20, 118. [CrossRef]
Jgvhabets/Brady_reallife: First Release for Short-Term, Individual and Group Modelling Analyses|Zenodo. Available online:
https://zenodo.org/record/4734199#.YJAOZRQza3J (accessed on 3 May 2021).
Khodakarami, H.; Ricciardi, L.; Contarino, M.F.; Pahwa, R.; Lyons, K.E.; Geraedts, V.J.; Morgante, F.; Leake, A.; Paviour, D.;
De Angelis, A.; et al. Prediction of the Levodopa Challenge Test in Parkinson’s Disease Using Data from a Wrist-Worn Sensor.
Sensors 2019, 19, 5153. [CrossRef]
Vibhash, D.S.; Safarpour, D.; Mehta, S.H.; Vanegas-Arroyave, N.; Weiss, D.; Cooney, J.W.; Mari, Z.; Fasano, A. Telemedicine and
Deep Brain Stimulation—Current Practices and Recommendations. Park. Relat. Disord. 2021. [CrossRef]
Van den Bergh, R.; Bloem, B.R.; Meinders, M.J.; Evers, L.J.W. The State of Telemedicine for Persons with Parkinson’s Disease.
Curr. Opin. Neurol. 2021, 34, 589–597. [CrossRef] [PubMed]
Velisar, A.; Syrkin-Nikolau, J.; Blumenfeld, Z.; Trager, M.H.; Afzal, M.F.; Prabhakar, V.; Bronte-Stewart, H. Dual Threshold Neural
Closed Loop Deep Brain Stimulation in Parkinson Disease Patients. Brain Stimulat. 2019, 12, 868–876. [CrossRef]
Castaño-Candamil, S.; Ferleger, B.I.; Haddock, A.; Cooper, S.S.; Herron, J.; Ko, A.; Chizeck, H.J.; Tangermann, M. A Pilot Study on
Data-Driven Adaptive Deep Brain Stimulation in Chronically Implanted Essential Tremor Patients. Front. Hum. Neurosci. 2020,
14, 421. [CrossRef] [PubMed]
Gilron, R.; Little, S.; Perrone, R.; Wilt, R.; de Hemptinne, C.; Yaroshinsky, M.S.; Racine, C.A.; Wang, S.S.; Ostrem, J.L.; Larson, P.S.;
et al. Long-Term Wireless Streaming of Neural Recordings for Circuit Discovery and Adaptive Stimulation in Individuals with
Parkinson’s Disease. Nat. Biotechnol. 2021, 39, 1078–1085. [CrossRef] [PubMed]
Habets, J.G.V.; Heijmans, M.; Kuijf, M.L.; Janssen, M.L.F.; Temel, Y.; Kubben, P.L. An Update on Adaptive Deep Brain Stimulation
in Parkinson’s Disease. Mov. Disord. 2018, 33, 1834–1843. [CrossRef] [PubMed]
Rochester, L.; Mazzà, C.; Mueller, A.; Caulfield, B.; McCarthy, M.; Becker, C.; Miller, R.; Piraino, P.; Viceconti, M.; Dartee, W.P.;
et al. A Roadmap to Inform Development, Validation and Approval of Digital Mobility Outcomes: The Mobilise-D Approach.
Digit. Biomark. 2020, 4, 13–27. [CrossRef]
Kluge, F.; Del Din, S.; Cereatti, A.; Gaßner, H.; Hansen, C.; Helbostadt, J.L.; Klucken, J.; Küderle, A.; Müller, A.; Rochester, L.; et al.
Consensus Based Framework for Digital Mobility Monitoring. medRxiv 2020. [CrossRef] [PubMed]
Heijmans, M.; Habets, J.G.V.; Herff, C.; Aarts, J.; Stevens, A.; Kuijf, M.L.; Kubben, P.L. Monitoring Parkinson’s Disease Symptoms
during Daily Life: A Feasibility Study. NPJ Park. Dis. 2019, 5, 21. [CrossRef]
Vizcarra, J.A.; Sanchez-Ferro, A.; Maetzler, W.; Marsili, L.; Zavala, L.; Lang, A.E.; Martinez-Martin, P.; Mestre, T.A.; Reilmann, R.;
Hausdorff, J.M.; et al. The Parkinson’s Disease e-Diary: Developing a Clinical and Research Tool for the Digital Age. Mov. Disord.
2019. [CrossRef] [PubMed]
Habets, J.; Heijmans, M.; Herff, C.; Simons, C.; Leentjens, A.F.; Temel, Y.; Kuijf, M.; Kubben, P. Mobile Health Daily Life Monitoring
for Parkinson Disease: Development and Validation of Ecological Momentary Assessments. JMIR Mhealth Uhealth 2020, 8, e15628.
[CrossRef]
Habets, J.G.V.; Heijmans, M.; Leentjens, A.F.G.; Simons, C.J.P.; Temel, Y.; Kuijf, M.L.; Kubben, P.L.; Herff, C. A Long-Term,
Real-Life Parkinson Monitoring Database Combining Unscripted Objective and Subjective Recordings. Data 2021, 6, 22. [CrossRef]
Bourke, A.K.; Ihlen, E.A.F.; Bergquist, R.; Wik, P.B.; Vereijken, B.; Helbostad, J.L. A Physical Activity Reference Data-Set Recorded
from Older Adults Using Body-Worn Inertial Sensors and Video Technology-The ADAPT Study Data-Set. Sensors 2017, 17, 559.
[CrossRef]
Alberts, J.L.; Koop, M.M.; McGinley, M.P.; Penko, A.L.; Fernandez, H.H.; Shook, S.; Bermel, R.A.; Machado, A.; Rosenfeldt, A.B.
Use of a Smartphone to Gather Parkinson’s Disease Neurological Vital Signs during the COVID-19 Pandemic. Park. Dis. 2021,
2021, 5534282. [CrossRef]

Sensors 2021, 21, 7876

62.

63.

64.
65.
66.
67.
68.

69.

16 of 16

Bloem, B.R.; Marks, W.J., Jr.; Silva de Lima, A.L.; Kuijf, M.L.; van Laar, T.; Jacobs, B.P.F.; Verbeek, M.M.; Helmich, R.C.; van
de Warrenburg, B.P.; Evers, L.J.W.; et al. The Personalized Parkinson Project: Examining Disease Progression through Broad
Biomarkers in Early Parkinson’s Disease. BMC Neurol. 2019, 19, 160. [CrossRef]
Watts, J.; Khojandi, A.; Vasudevan, R.; Ramdhani, R. Optimizing Individualized Treatment Planning for Parkinson’s Disease
Using Deep Reinforcement Learning. In Proceedings of the 2020 42nd Annual International Conference of the IEEE Engineering
in Medicine & Biology Society (EMBC), Montréal, QC, Canada, 20–24 July 2020; pp. 5406–5409.
Matias, R.; Paixão, V.; Bouça, R.; Ferreira, J.J. A Perspective on Wearable Sensor Measurements and Data Science for Parkinson’s
Disease. Front. Neurol. 2017, 8, 677. [CrossRef]
MJFF, S. BEAT-PD DREAM Challenge (by Sage Bionetworks; Michael J. Fox Foundation). Available online: https://synapse.org/
#!synapse:syn20825169/wiki/600904 (accessed on 3 May 2021).
Pulliam, C.L.; Heldman, D.A.; Brokaw, E.B.; Mera, T.O.; Mari, Z.K.; Burack, M.A. Continuous Assessment of Levodopa Response
in Parkinson’s Disease Using Wearable Motion Sensors. IEEE Trans. Biomed. Eng. 2018, 65, 159–164. [CrossRef]
Hua, R.; Wang, Y. Monitoring Insole (MONI): A Low Power Solution Toward Daily Gait Monitoring and Analysis. IEEE Sens. J.
2019, 19, 6410–6420. [CrossRef]
Daneault, J.; Lee, S.I.; Golabchi, F.N.; Patel, S.; Shih, L.C.; Paganoni, S.; Bonato, P. Estimating Bradykinesia in Parkinson’s Disease
with a Minimum Number of Wearable Sensors. In Proceedings of the 2017 IEEE/ACM International Conference on Connected
Health: Applications, Systems and Engineering Technologies (CHASE), Philadelphia, PA, USA, 17–19 July 2017; pp. 264–265.
Daneault, J.-F.; Vergara-Diaz, G.; Parisi, F.; Admati, C.; Alfonso, C.; Bertoli, M.; Bonizzoni, E.; Carvalho, G.F.; Costante, G.; Fabara,
E.E.; et al. Accelerometer Data Collected with a Minimum Set of Wearable Sensors from Subjects with Parkinson’s Disease. Sci.
Data 2021, 8, 48. [CrossRef]

