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Abstract
Monitoring the motor �uctuations and the severity of symptoms over time in Parkinson's disease (PD)
patients is crucial for quantifying the progression of the disease and the adjustment of personalized
therapy. The widespread availability of wearable sensors enables remote tracking of patients and the
development of digital biomarkers for motor-related symptoms derived from the kinematic data acquired
from these devices. Despite the progress in remote monitoring of PD symptoms, most research has been
conducted on controlled behavior in the clinic, which departs considerably from individual patients'
everyday behaviors and daily routines. This manuscript describes our top-performing algorithm in the
Biomarker & Endpoint Assessment to Track Parkinson’s Disease DREAM Challenge, funded by the MJFF,
for predicting self-labeled PD symptom severity from free-behavior sensor data. To account for the self-
labeled nature of the dataset and to capture each patient's subjective perception, we applied personalized
automatic prediction algorithms consisting of ensembles of multiple random forest models followed by a
predictability assessment of each patient. The results highlight the gradual approach required to develop
new solutions in this �eld and constitute an important step forward in generating automatic and semi-
automatic techniques that can facilitate the treatment of PD patients.

Introduction
Parkinson's disease (PD) is a chronic, progressive, neurodegenerative disease. The main motor symptoms
of PD are resting tremor, bradykinesia, akinesia, rigidity and postural instability 1–3. The primary cause of
the clinical manifestations of Parkinsonian motor symptoms is the death of midbrain dopaminergic
neurons 4. The cardinal treatment of PD is dopamine replacement therapy (DRT), based on the elevation
of dopamine levels throughout the brain. Despite the e�cacy of this medication, as the disease
progresses, PD patients experience on-off medication cycles consisting of motor �uctuations. During the
ON periods, the motor symptoms are controlled, whereas during the OFF periods, these symptoms
reemerge 5,6. The ON states are often complicated by dyskinesia, a severe side effect of DRT
characterized by exaggerated and involuntary movements 7. These motor �uctuations are partially
managed with dose adjustment of medications. An accurate assessment of the patient's overall clinical
state forms the basis of most clinical evaluations and allows for an e�cient adjustable long-term
therapy. The current standard for this assessment relies on either a clinician-based assessment, using the
Movement Disorder Uni�ed Parkinson's Disease Rating Scale (MDS-UPDRS)8, or a patient-based
approach, using the patient's self-report descriptive diaries (e.g. Hauser Diary 9, Parkinson's symptom
diary 10). The clinician-based approach is performed periodically during clinical visits, which limits its
temporal resolution and masks symptom �uctuations in between visits. The patient-based approach may
potentially have a better temporal resolution; however, it is subjective, prone to patient bias, and requires
the patient's cooperation over a long period of time, which often results in inadequate monitoring of the
symptoms 11. To overcome the limitations of both approaches and to enhance the management of PD
symptoms, an objective ongoing measure for monitoring the objective state and the subjective feeling of
the patient is required.
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The recent advances and the growing prevalence of digital technologies such as wireless devices and
wearable sensors can be harnessed to improve individualized health care. These technologies enable the
ongoing monitoring of patients' health status during their daily lives over extended periods of time and
outside the clinical environment. Continuous remote monitoring with digital health interventions can
identify alterations in the patient's state of health which permits faster and better decision making in
clinical care 12. Digitalization in healthcare is evolving in many areas, including cardiac 13, blood pressure
14 and diabetes 15 monitoring, in addition to fall detection 16 and smoking cessation 17. As a primarily
movement disorder, the treatment of PD may signi�cantly bene�t from digital health technologies which
can capture ongoing motor symptoms and their �uctuations over time 18–20. Movement can reliably be
tracked using common kinematic sensors embedded in numerous wearable devices, such as
smartwatches and smartphones. Kinematic sensors use a variety of physical principles to measure linear
accelerations (accelerometers), rate of rotation (gyroscopes) and direction (magnetometers) along and
around the three spatial axes. These sensors, combined with machine learning algorithms, are
increasingly being used for human activity recognition in healthy individuals 21–23, as well as for
detecting abnormal behavior in various movement disorders 24–26, and particularly in PD 27–31. However,
studies to date have a number of limitations with respect to the devices and methodologies suggested to
provide personalized evaluation and tracking of the clinical state of PD. In particular, PD tracking studies
tend to be conducted in a controlled environment 29,32, which makes them poorly applicable to everyday
settings. Second, the severity of the symptoms during the experiments is usually annotated by the
experimenter or an accompanying clinician, which may not re�ect the patient's subjective evaluations.
Thus, to develop the next generation of clinical interventions for PD patients based on kinematic data
from wearable devices motor �uctuations need to be assessed in ecological conditions and take the
subjective perception of the patient into account.

The Dialog for Reverse Engineering and Methods (DREAM) challenges, a crowdsourcing effort to examine
key questions in biology and medicine, have launched a series of challenges designed to help researchers
identify ways to use kinematic data from wearable devices to monitor PD patients, with the end goal of
propelling at-home monitoring of disease progression. The �rst challenge, the Parkinson's Disease Digital
Biomarker DREAM challenge, was designed to accurately identify PD status and symptom severity using
data collected during the performance of speci�c tasks, while being monitored by a clinician 33.
Subsequently, a new challenge, the Biomarker and Endpoint Assessment to Track Parkinson’s Disease
(BEAT-PD) DREAM challenge, was launched to determine whether PD severity could be evaluated from
passively collected kinematic data recorded using consumer wearables during the course of daily life. In
this challenge, the participants were provided with raw kinematic data of PD patients recorded at home
and were asked to predict the patients' self-reported medication state and symptom severity 34. This
article describes our top-scoring solution for this challenge.

Results
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This study was based on the BEAT-PD DREAM challenge dataset, under the auspices of the Michael J.
Fox Foundation for Parkinson’s Research and Sage Bionetworks 35. The dataset was sourced from two
different studies; the CIS-PD and the REAL-PD (see Methods), and consisted of 28 patients (16 males, 12
females), aged 62.1 ± 9.5 (mean ± STD). Both studies collected mobile sensor data from patients with PD
as they went about their daily lives. Each session consisted of the kinematic signals (CIS: accelerometer,
REAL: accelerometer and gyroscope) and the patients' subjective scores of their PD symptoms on a
severity scale ranging from 0 to 4. The symptoms included the on-off medication state (where a score of
0 refers to the fully ON state, and 4 to fully OFF) and the severity of the dyskinesia and tremor. In this
study, not all symptoms' scores were available for all subjects, such that each symptom category
contained a different subset of all subjects (on-off: 22 subjects, dyskinesia: 16 subjects, tremor: 19
subjects). The goal of the challenge was to generate a model capable of predicting the patients'
subjective assessments of their symptoms using the kinematic data. The challenge was separated into
three different sub-challenges, corresponding to the three symptom categories included in this study, and
involved predicting the severity of on-off, dyskinesia and tremor, respectively.

Predictions in the BEAT-PD challenge were evaluated by the weighted mean square error (wMSE) score.
Due to the wide range in the number of sessions scored by each subject (Fig. 1A), the MSE was �rst
calculated for each separately:

where  corresponded to the number of test sessions for subject ,  was the ith rated score for
subject , and  was the corresponding predicted score. The subject-speci�c MSEs were then
combined by weighting by the square root of the number of each subject's sessions to generate the
wMSE score:

The approach presented in this manuscript (team “HaProzdor”) won second place in the on-off challenge
and fourth place in the dyskinesia and tremor sub-challenges.

In this section, we describe our solution to the challenge. First, we present the dataset, with its limitations
and di�culties. Then, we describe our modeling approach, with the rationale for each of the stages in the
process. Finally, we discuss the objective performance of our model, and its performance compared to
the other winning models.

Data exploration
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The distribution of the scores of each of the symptoms was skewed towards lower scores, and the scores
of all the sub-datasets in both the CIS-PD and the REAL-PD were highly unbalanced (Fig. 1B). Moreover,
different patients displayed very different distributions of subjective symptoms (Fig. 1C). These different
symptoms are interrelated in the sense that tremor is expected to occur during the off period, thus leading
to a positive correlation between these scores whereas tremor (which is characteristic of reduced
dopamine levels) and dyskinesia (which is characteristic of excess dopamine levels) do not typically
occur together. However, the correlations between the scores were not as expected, since both the tremor-
on-off and tremor-dyskinesia scores displayed mostly positive correlations (Fig. 1D). On the single-
subject level, the correlations between the symptom scores varied greatly. For example, subject 1004
exhibited highly positive correlations between all symptom scores (Fig, 1D, red circle). This subject rated
the exact same score for all categories in numerous sessions. By contrast, subject 1023 rated different
symptoms in an uncorrelated manner (Fig. 1D, blue circle).

The kinematic data were collected passively throughout the course of the subjects' daily lives. Hence, a
single session could contain intermingled periods of different dynamic and static activities (Fig. 2A).
These periods were not pre-categorized into different behaviors; however, some actions were easy to
identify. These included periods of static activity, which appear as an almost �at accelerometer signal,
and walking, which has a typical pattern of 1–2 Hz oscillations. Although the kinematic signals during
different behaviors could sometimes be differentiated, signals recorded during sessions with signi�cant
differences in their symptom ranking could exhibit similar behavior patterns, thus blurring the distinction
between the sessions (Fig. 2B-C). To test the use of “canonical” knowledge about different symptoms, we
focused on the tremor category, whose kinematic properties are known. Tremor is typically associated
with 4–6 Hz oscillations36, which typically appear as a peak in this frequency band during rest (i.e. with
smaller lower frequency components typical of movement). The tri-axial raw accelerometer signals were
merged using the Euclidean norm of the three single-axis signals minus 1 (ENMO) 37.

The power spectral density (PSD) of the ENMO in sessions with different tremor scores was compared.
Some high tremor sessions exhibited a peak at 4–6 Hz (Fig. 3A right), whereas other sessions with a high
tremor score had no corresponding peak in their PSD (Fig. 3A, middle). Moreover, some sessions ranked
by this subject as having no tremor displayed an unexpected peak in the 4–6 Hz band (Fig. 3A, left).
Consequently, we measured the tremor oscillatory fraction of the session, which we de�ned as the
fraction of time in the session in which the ratio between the power in the 4–6 Hz (tremor) band and the
surrounding 1–9 Hz band exceeded a threshold of 0.7 (Fig. 3B). The oscillatory fraction was then
compared to the tremor score in the session (Fig. 3C), and for each subject, we measured the overall
correlation between all their sessions and their corresponding oscillatory fractions (Fig. 3D).
Unexpectedly, most of the subjects had low correlations, with some subjects (8 of 19, 42%) displaying
negative correlations, suggesting that at least in some cases the reported scores represented the overall
state as perceived by the subject rather than the score corresponding to the speci�c symptom.

The preliminary stage of exploration of the raw data highlighted important points that guided the way we
developed the predictive models. First, the diversity of subjective scoring between patients emphasized
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the need to formulate personalized models for each subject, rather than a single model for the whole
cohort. Second, given the lack of stable correlations or consistency between the scores for different
symptoms, we generated independent models for each symptom. Third, the scores of the sessions could
not be interpreted simply based on the tailor-made feature arising from the raw kinematic signals. Thus,
the extraction of complex logical features, such as the tremor oscillatory fraction, were not su�cient for
the current dataset. Since simpler features (e.g., range, standard deviation, and mean values of the
signal) are meaningless when extracted from a whole session, we divided each session into shorter
segments prior to the extraction of a large collection of simple features as the input to the model. In
addition, because the data were obtained during free behavior, there were major changes in movement
patterns as the subject performed various tasks throughout the sessions. Thus, extracting features from
semi-stable short segments better re�ected individual activities. During the long 20-minutes session,
symptoms could wax and wane, such that short stretches of a symptom could affect the �nal rating
ascribed by the subject. This resulted in feature values that differed throughout the session, which were
crucial to the overall prediction. To account for this, our initial preprocessing step involved splitting each
session into 10 second segments with an overlap of 5 seconds (see Methods; different segment sizes
and overlaps were tested). Fourth, the kinematic data were segmented such that the symptom report was
placed in the middle of the session (approximately 10 minutes). After the report time, the session
continued for another 10 minutes, during which the severity of the symptoms could change. Given that
the second half of the session might provide misleading information about the session score, most of our
models only used the �rst half of the session.

Overview of the experimental design for predicting
symptom severity
The general framework of our analysis is shown in Fig. 4 which illustrates the sequential process
containing the nested veri�cation (Fig. 4). Sessions were �rst segmented into short overlapping
segments. A large set of features was calculated on each of the segments using temporal, spectral and
dimensionality reduced information, and the top ranked features were selected for the model. An
ensemble of different variants of random forest (RF) classi�ers and regressors were used on the segment
features using multiple training/test splits. The best model in each split was used to predict the scores of
the test data, and a �nal prediction score was calculated as the average of all the split predictions. Finally,
each subject's predictability was assessed, and the test scores of subjects with low predictability scores
were replaced by the subject's naïve mean score.

Feature selection
A large set of features was constructed from each segment (CIS-PD: 368 features, REAL-PD: 469 features.
see Methods). This large number of features could have led to an over�tting problem which would have
degraded the performance of the model 21,38. Thus, we performed a feature selection process on the
subset that was utilized by the model (see Methods). The top selected features for individual subjects
varied across symptoms (Fig. 5A). This is because a feature may be predictive of one category, in terms
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of distinguishing between different scores (Fig. 5B, left), whereas for a different category, this same
feature will not necessarily differentiate scores well (Fig. 5B, right). Thus, to obtain predictive features, we
carried out the selection process separately for each symptom. We next examined commonly selected
features across subjects for the same symptom category. We ran the feature selection process for each
subject over multiple training/test splits. The ranking of all features for a given symptom were similar
between all splits of the same subject, such that the same features tended to be ranked with high values
over the different sub-datasets (Fig. 5C), and there was a substantial overlap between the top selected
features in each (Fig. 5D). By contrast, the ranking of the features varied between subjects (Fig. 5E), and
the overlap between the top selected features was signi�cantly smaller (Fig. 5F). For example, the mean
percent of the common tremor features between every ten splits of each CID-PD subject (71 ± 15%, mean 
± STD) was signi�cantly higher than the mean of the common tremor features between all pairs of CIS-
PD subjects (59 ± 10%, mean ± STD, p < 0.001, Mann-Whitney U test). Therefore, as the base method, we
conducted the selection process for each subject separately.

Ensemble- based approach to symptom severity prediction
The symptom score prediction approach consisted of the integration of predictions from multiple RF
models that differed in terms of their hyperparameters. The optimal variants of the hyperparameters.
Each subject/symptom data combination was split into 32 different training/test splits, and on each of
the training splits, a set of RF models, differing in their hyperparameters, were trained (see Methods). The
performance criterion was the fraction of splits leading the best performing model for all subjects
(Fig. 6A). The results showed that the "best-combination" model was the most frequently best performing
model in all categories but constituted only 30% of the cases. Analyzing the best performing models in
individual cases revealed different distributions of selected models for different subjects (Fig. 6B)
suggesting that there was no single optimal model that could be used for prediction, but rather that this
depended on the speci�c subject/symptom combination. However, selecting a single model based on the
given available training data may lead to over�tting and does not guarantee optimal generalization on
the test data. Thus, we combined the predictions from the 32 best performing models generated for each
train/test split into model was chosen based on the assessment of different an ensemble. The �nal
prediction was calculated by averaging the ensemble predictions for each of the sessions, followed by a
mean adjustment (Fig. 6C). We assumed that the usage of a multiple-model would optimize the output of
single-type classi�ers. However, a post-challenge analysis revealed that the use of the same single type
model in all the ensembles was not necessarily worse than multiple-type models (Fig. 6D). Although the
differences in performance were minor, in some cases, a single speci�c model could outperform multiple-
type models probably due to reduced over�tting.

Cherry-picking: assessing the predictability of individual
subjects
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Validation of our models using nested 5-fold cross-validation (see Methods) indicated that the
predictability of some subjects was low (Fig. 7A-C). Subjects whose scores could not be predicted reliably
were thus de�ned as naïve subjects, and their �nal score prediction was replaced by the naïve mean. The
proportion of naïve subjects varied across symptoms (on-off: 16/22, dyskinesia: 8/16, tremor: 8/19), and
different subsets of naïve subjects were found in each of the categories (on-off: 1006, 1044, hbv013,
hbv051, hbv077, hbv043; dyskinesia: 1007, 1023, 1034, 1043, 1044, 1048, hbv054, hbv018; tremor: 1007,
1023, 1034, 1046, 1048, hbv013, hbv054, hbv012). However, despite the division into naïve and non-naïve
subjects, the mean improvement in the model relative to the naïve MSE of non-naïve subjects was small
(on-off: 0.08 ± 0.07, dyskinesia: 0.07 ± 0.06, tremor: 0.07 ± 0.06, mean ± STD).

BEAT-PD Dream challenge results
Forty-three different teams submitted their predictions to this challenge. The teams were ranked
according to their wMSE scores (Fig. 8A) and compared to the null model (on-off: 0.967, dyskinesia:
0.4373, tremor: 0.4399). Our submission was awarded second place in the on-off sub-challenge (wMSE = 
0.8793), and fourth place in the dyskinesia (wMSE = 0.4205) and the tremor (wMSE = 0.404) sub-
challenges. Although the �nal wMSE scores of the top-performing teams (HaProzdor, dbmi, ROC BEAT-PD,
yuanfang.guan, hecky and Problem Solver) were very close, the correlations between the test predictions
of these groups were low (supplementary Table 1). Though our models were top performing in this
challenge in terms of low wMSE scores, the variance explained by the models for each subject in each of
the sub-challenges was low (Fig. 8B).

Discussion
Advances in wearable sensors have laid the groundwork for developing digital biomarkers and measures
for the remote monitoring of motor �uctuations during PD. In this study, we presented an ensemble-based
approach for predicting PD patients' subjective perception of their symptoms based on kinematic sensor
data embedded in smartwatches. The behavioral data were unstructured and collected passively from the
patients during their everyday lives in their natural environments. The data were segmented into
overlapping 10-second segments, and a large set of simple features combining temporal, spectral and
dimensionality-reduction features were extracted from each segment. The features were then fed into an
ensemble of RF models, and the ensemble predictions were combined and averaged to generate a �nal
integrated prediction. Due to the diversity in subjective scoring across subjects, the ensemble models
were generated individually for each subject. Using nested validation, we showed how the predictability
level varied across subjects. For this reason, the test scores of subjects with low predictability were
replaced by their naïve scores. The test predictions produced by our models achieved low wMSE scores in
all three symptoms categories. However, their predictive values were comparatively small and patient-
speci�c.

Many studies of movement disorders have used signal processing techniques to extract features from
kinematic data, where different machine-learning classi�ers were then applied to the extracted features to
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predict movement-related characteristics 29,30,39,40. In line with these studies, �ve out of the top six
performing teams, including ours, approached the current challenge by applying machine learning
models on the extracted features, whereas only one of the top teams applied a featureless deep learning
model. Similar to our approach, all of the �ve machine learning solutions were based on a large set of
simple features and decision tree algorithms, and most of them used RF models. Another characteristic
shared by most of the top solutions was the generation of personalized models for each subject, rather
than a global model. The differences between the �nal wMSE scores of the top-performing solutions were
minimal. However, unexpectedly, the correlations between the test predictions of these teams were low.
This suggests a possible lower bound on performance in the current dataset. The decision of most teams
to use tree-based models is not surprising for this challenge. Tree-based methods are well-suited for
complex or non-linear datasets like the current one, and the combination of multiple trees using RF
reduces the variance and avoids over�tting 41. We tested other approaches, such as replacing the simple
features with hand-crafted features, or using machine-learning models other than RF, but these led to
higher wMSE results. Moreover, in the two of the four intermediate rounds preceding the �nal submission,
we included deep neural network models in our solution ensemble, but pure RF ensembles based on the
simple features outperformed all of them.

Although our approach compared favorably to the other submissions in this challenge, its objective
predictive value was not high. We faced multiple hurdles in the current dataset originating from both the
nature of the dataset, and the con�gurations of the challenge. The dataset was sparse, containing a
relatively small number of scored sessions per subject. This impeded the usage of deep learning
algorithms, which have been implemented successfully for capturing motor states during PD 42–44.
However, these models require a large amount of data and thus were not effective in this study. Moreover,
the data were highly imbalanced, providing a small representation for most high severity scores. One of
our RF variants included random under-sampling for class-imbalance correction. However, this model
was inferior to most of the other models which did not include a rebalancing step (Fig. 6). Moreover, in
intermediate rounds of the challenge, we also tested over-sampling techniques for balancing the classes,
such as SMOTENN (data not shown), which did not improve the performance either. An additional
challenge was the lack of a "ground truth" due to the dataset's self-labeled nature. An objective
assessment by a PD specialist of at least a subset of the sessions alongside the subject-based scoring
could improve the models' predictability considerably. This could be done by either the presence of a
clinician during the session, or o�ine using video devices to monitor the patients and establish their
symptom severity baseline. The con�gurations of the challenge also made the prediction di�cult since
some existing metadata were hidden. This included the sessions' temporal order, time of day, the sensor
location and other kinematic signals, such as gyroscope data missing in the CIS-PD dataset, and
magnetometer data. All these data and metadata could signi�cantly improve the performance of the
predictors 45,46. In order to enhance predictability in future studies, these should be utilized. Collecting
robust amounts of balanced scored sessions per subject accompanied by a clinician assessment, and in
conjunction with richer metadata would provide the basis for a more accurate assessment of PD
symptoms.
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The subjective subject-based ratings in this study were highly speci�c. In the absence of associated
expert baseline ratings, the data re�ected the subjective feelings and individual perceptions, which
differed substantially across subjects 47,48. Thus, algorithms transferring information across subjects
were not useful, and the generation of personalized models was required. Beyond capturing the
symptom-related features, the models "learned" the rating strategies of each subject separately. However,
the predictive value of these personalized models varied across subjects: for some subjects, the
performance of all of our tested models was below the naïve mean prediction. At least in some cases,
this was due to low reliability which was manifested as low self-consistency. For example, some subjects
tend to rate all symptoms equally, or subjects graded the symptoms according to their overall feeling;
thus, the rating was not always consistent with the symptoms' objective severity. This variability in self-
consistency is not necessarily related to PD: differences in self-reporting consistency have been explored
in the �eld of physical activity, and were shown to be associated with multiple factors such as gender,
age, educational and marital status 49,50. In this study, however, the models' success was not only speci�c
to the subject but was also attributed to the speci�c symptom category. Although some subjects had low
predictability in two out of the three symptoms, no subject was unpredictable for all three symptoms. The
ranking formulation assessment in this challenge, which used MSE, led to the prioritization of scores at or
near the naïve mean. Thus, to avoid costly losses, we implemented cherry picking, by replacing the low-
predictability subjects' predictions with their naïve mean. This strategy positioned us among the top-
performing teams in all three categories. Nevertheless, the application of cherry-picking is clearly not a
practical approach in applications beyond this competition.

The data in this study were acquired from patients engaged in their everyday lives in their natural
environment. This is a signi�cant advance over most previous PD tracking studies that have been
conducted in a controlled environment. In these studies, in addition to the symptom rating by an expert,
the subjects typically performed a speci�c subset of motor tasks. However, these well-controlled tasks do
not always re�ect motor �uctuations and impairment during everyday life activities. Thus, collecting data
passively in ecological conditions is an essential step towards the remote monitoring of PD progression
33,51. This study attempted to make this huge leap from the classi�cation of a small set of behaviors to
complete unrestricted free behavior. However, as our results show, success is partial, and we assume that
this is, in part, inherent to the nature of the rapid shift to uncontrolled data. PD-related motor �uctuations
are embedded in the overall kinematic signal, which varies enormously as a function of different
activities such as walking, running and sitting. The models are blind to the type of behavior, and their
attempt to generalize across activities resulted in a relatively low predictability value. Thus, a more
gradual research progression is needed to bridge the gap between clinic-based and free-living PD tracking
studies, and an intermediate stage of uncontrolled PD activity identi�cation accompanied by careful
objective behavior annotation either online or using video o�ine is essential.

Overall, this study constitutes an important step in the development of remote monitoring of everyday PD
symptom severity through wearable sensors. In-home monitoring can improve the effectiveness of PD
therapy, wherein a relatively short time, clinicians can access reliable accurate data on the severity of the
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patient's symptoms. Progress in remote monitoring can also provide useful information for PD
researchers. Our results indicate some ability to predict the subjective severity of symptoms during
uncontrolled daily activities. However, a more gradual approach is required before there is widespread
clinical adoption of wearable digital technologies.

Material And Methods

Data Collection
The data were obtained from the Biomarker & Endpoint Assessment to Track Parkinson’s disease DREAM
Challenge. The kinematic data were collected from two different studies: The Clinician Input Study (CIS-
PD)52 and the REAL-PD (Parkinson@Home) validation study 53. The CIS-PD dataset was generated by
researchers at Northwestern University, the University of Rochester, the University of Alabama, and the
University of Cincinnati. During the 6-month long study PD patients wore Apple watch devices during
clinic visits and for at-home monitoring. The subjects were asked to report their PD symptoms at 30-
minute intervals for the 48 hours before each clinic visit. The symptoms included on-off medication state,
dyskinesia, and tremor, and were rated on a severity scale ranging from 0 to 4, with 4 as the most severe.
The accelerometer data from the Apple watches were segmented into 20-minute sessions, corresponding
to the symptom report, where the report time was situated in the middle of the session.

The REAL-PD study of wearable tracking for PD patients was generated by researchers at the Radboud
University Medical Center (NL). In this 2-week long study the patients were provided with a Motorola
watch, in addition to their own Android phone, both of which were used to monitor their activity at home.
For two days during the study, the subjects were asked to report their symptoms in 30-minute time blocks
throughout the day. The subjects rated their tremor on a severity scale from 0–4, and reported their
medication status, which was then transformed into an on-off scale of 0–1 and a dyskinesia scale of 0–
2.

The kinematic data were segmented relative to the report times into 20-minute recording sessions by
taking the central 20 minutes of the time range. To simplify utilizing the two datasets together, we only
considered the smartwatch data from the REAL-PD study.

The two studies provided 3-axis linear acceleration signals collected from the smartwatches worn by the
patients. The REAL-PD study also included 3-axis rotation rate information collected by the
smartwatches' gyroscope sensor. All the data were sampled at 50 samples/second. The subjects
contributed a total of 3255 scored sessions to the dataset, most of which were 20 minutes long with a
few shorter sessions (272 sessions, 8%). The session data �les were standardized to a start time of 0 to
remove time-of-day information as well as information about the temporal order of the sessions. Out of
the whole sessions, 2791 (86%) were rated with on-off scores, 1926 (59%) with dyskinesia scores and
2362 (72%) with tremor scores. The dataset were partitioned into training (2449 sessions) and testing
(806 sessions) datasets. The training/test partitions were sampled randomly for each subject, thus
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allowing for the construction of personalized symptom severity models. The training data scores were
provided to generate a supervised model to predict the severity of symptoms in the test data.

For up-to-date information on the study, visit:

 https://www.synapse.org/#!Synapse:syn20825169/wiki/600405  .

Ethics
The CIS-PD study was sponsored by the Michael J. Fox Foundation for Parkinson’s Research and
conducted across four US sites: Northwestern University, the University of Cincinnati, the University of
Rochester, and the University of Alabama at Birmingham. Each site had local Institutional Review Board
(IRB)/Research Ethics Board (REB) approval, and all participants signed informed consent. The REAL-PD
study was sponsored by the Michael J. Fox Foundation for Parkinson’s Research. The study protocol was
approved by the local medical ethics committee (Commissie Mensgebonden Onderzoek, region Arnhem-
Nijmegen, the Netherlands, �le 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 (see also 34) .

Data preprocessing
Data processing and analysis were performed using Python 3.6, except for the feature extraction which
was done with Matlab 2017a (Mathworks). All the sensor data (CIS-PD - smartwatch accelerometer,
REAL-PD - smartwatch accelerometer and gyroscope) were segmented into 10-second segments with
50% overlap. A total of 547,122 training and 181,582 testing segments were generated from this process.
Accelerometer segments were separated into gravity and free acceleration components by applying a
low/high pass �lter (0.3 Hz fourth order Butterworth) respectively on the raw signals 54,55. Each of the
three axes in the free acceleration and angular velocity segments was derived temporally to obtain jerk
signals. Next, the magnitude of each 3-dimensional signal was calculated using the Euclidian norm.
These steps resulted in six time-domain separate signals obtained from each accelerometer segmented
signals, and four separate time-domain signals obtained from the gyroscope signals. Each of these time-
domain signals, excluding the gravity signals, was Fourier transformed to obtain the corresponding
frequency-domain signals for each of the sessions.

Feature extraction and selection
A set of base features was calculated on each of the segment signals, resulting in the assignment of
temporal and spectral features to each segment (Supplementary table 2). The CIS-PD dataset was
composed of 343 base features, whereas the REAL-PD dataset was composed of 544 base features
because of the additional gyroscope data. A second set of dimensionality reduction features was
generated from the base features. These consisted of 5 PCA and 20 autoencoder new features that were
added to each segment's features list. Before modeling, all the features were scaled to a range of [-1 1].
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Feature selection was performed to keep the most relevant features. The selection was done by either F-
value ranking, or random forest (RF) variable importance 56.

Random forest models
Seven variants of RF classi�ers and regressors were used as prediction models for each
subject/symptom combination data. RF models were constructed using the Scikit-learn Python package
57, with default settings. Note that these models outperformed other models tested by our group,
including support vector machine, logistic regression and deep learning models. As the models were
trained on segmented data windows, an aggregate prediction for the entire session was calculated by
averaging the segments' predictions for that session. The models differed in their hyperparameters: (1)
RF type: (a) classi�er (b) regressor, (2) Model trained on features extracted from (a) full session or (b) �rst
half session prior to the subject scoring, (3) Feature selection method: (a) F-value ranking (b) RF variable
importance, (4) Number of top selected features: (a) 100 or (b) 50, and the (5) Class imbalance correction
(a) none (b) random under-sampling (Supplementary table 3).

All models were trained on each training dataset (subject/symptom combination), and their weighted
mean squared error (wMSE) scores were calculated. From these results, another model variant was
trained, which constituted the best combination of each of the hyperparameters in terms of the wMSE
scores. Finally, the wMSEs of all seven model variants were compared, and the model that minimized the
wMSE score was chosen as the best model type. This model was then used to predict the test data.

In order to reduce over�tting, each training data was split into 32 different 80/20 training/test splits, and
the set of RF models was trained separately on each of the splits. For each split, the best performing
model was chosen and used to predict the test data as described above. This resulted in an ensemble of
32 different predictions for each session, which were averaged to produce a single prediction for each
session. The �nal predictions of the test sessions of each subject were then calculated by adjusting their
mean to the naïve mean score of the subject's training data scores.

Nested K-fold cross validation predictability analysis
We generated 5-fold cross validation training/test pairs from the whole training data, while stratifying the
subjects. Each validation set was nested within 10 sub- training/test splits and RF prediction ensembles
were generated as described above. The MSE scores of each subject were calculated using the test data
of the set. As a null model, we used the subject-speci�c naïve mean, calculated as the mean of the
training set scores for each of the symptoms separately. Each subject's MSE score was compared to its
naïve mean MSE score, and the predictability of a single subject for a speci�c symptom was calculated
as the mean differences between the MSEs over all �ve validation sets. The predictability threshold was
set to zero, and a subject who did not cross this threshold for a speci�c symptom was de�ned as a naïve
subject for that symptom. The test predictions of a naïve subject for a speci�c symptom were replaced by
the subject's naïve mean calculated from the whole training data.
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Figure 1
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Data exploration: score distributions. (A) Number of scored training sessions provided by each subject.
(B) Score distributions across all subjects for the on-off (left), dyskinesia (middle) and tremor (right)
categories. (C) Score distributions for single subjects for on-off (left), dyskinesia (middle) and tremor
(right) categories. White values represent zero values (the subject did not rate this score). (D) The relation
between correlations of tremor-on-off and tremor-dyskinesia scores for single subjects. Only subjects
having scores for all three categories in all sessions are displayed. Red circle corresponds to CIS-PD
subject 1004, and blue circle to CIS-PD subject 1023.

Figure 2

Data exploration: kinematic signals. (A) An example of raw acceleration data from three orthogonal axes
during a free behavior session. Insets: enlargements of traces during rest (left) and walking (right). (B-C)
Examples of 10 second accelerometer recording segments depicting rest (left) and walking (right) taken
from a single session with an on-off score of (B) 0 and (C) 3.
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Figure 3

Complex features. (A) Examples of the PSD of the accelerometer signals (ENMO) during sessions rated
with a tremor of 3 (left), 4 (middle) and 0 (left). (B) The process of extracting a tremor oscillatory fraction
in a single session: the raw ENMO signal is extracted from the 3-axis accelerometer signal (i). The
spectrogram of the ENMO signal is calculated (ii), and the power in the 1-9Hz band and 4-6Hz band are
summed (iii). The ratio of the 4-6Hz band to the 1-9Hz band is calculated for each timestamp (iv, solid
blue line), and oscillatory timestamps are de�ned as the time when the ratio crosses the threshold of 0.7
(iv, red dots). The oscillatory fraction is then de�ned as the fraction of time in the session in which the
ratio crossed the threshold. In this example, the oscillatory fraction was 17.29%. (C) An example of the
relationship between the tremor oscillatory fractions and tremor patient scores in all sessions for a single



Page 21/26

subject. (D) Correlation between tremor scores and oscillatory fractions across subjects. The horizontal
dashed line indicates the mean correlation across subjects.

Figure 4

Overview of the model pipeline. Each session is segmented into 10-second overlapping segments, and
multiple features are calculated on each of the segments. The top ranked features are selected for the
model. These features are fed into an ensemble of RF classi�ers using multiple training/test splits, and
the ensemble predictions are averaged to generate a single �nal prediction. Finally, a cherry-picking
process is applied based on the predictability assessment of each subject.
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Figure 5

Feature selection. (A) Feature importance map showing the top 6 features of a single subject (CIS-PD
1049), selected according to the highest F-values. The features are graded separately for tremor (left) and
on-off (right) symptoms. (B) Distribution of the values of the top-ranked feature for tremor from the
example in A(mean of Z-axis body accelerometer) over the different scores for tremor (left) and on-off
(right) of a single subject. (C) Normalized F-values of all features for the tremor category of a single
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subject. The features are rated separately over 10 different randomly split sub-datasets, each containing
80% of the training data. (D) Overlap of the top 100 features, graded with the F-value, in three different
splits. (E) Normalized F-values of all features for the tremor category of all CIS-PD subjects. The different
colors represent individual subjects. (F) Overlap of the top 100 features for three different subjects.

Figure 6
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Ensembles of random forest models. (A) Fraction of the selected models in the different splits of the
training data of all subjects, for on-off (left), dyskinesia (middle) and tremor (right) symptoms. (B) Same
as A, divided into single subjects. (C) An example of the session prediction process for the tremor
category of a single subject in a validation set. For each session, the ensemble process generates
multiple score predictions (light blue circles). The predictions are averaged (yellow circles), and the �nal
predictions (blue circles) are calculated by adjusting the average predictions to the mean of the subject
(dashed line). In the validation set, the predictions can be compared to the true scoring of the subject (red
circles). (D) Comparison of mean wMSE scores (± STD) of all validation sessions, across the 5 folds of
the cross-validation datasets, using ensembles of predictions generated from different model variants
(termed "mixed", grey bar), chosen separately in each training split, to ensembles generated from the
same model in each of the splits.

Figure 7

Cherry-picking: classifying naïve subject. (A-C) The mean differences (±SEM) between the naïve score
and the MSE of each subject, across all �ve validation sets, for the on-off (A), dyskinesia (B) and tremor
(C) categories. Vertical dashed lines represent the separation between naïve subjects, who did not cross
the threshold of 0, and non-naïve subjects.
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Figure 8

Challenge results. (A) Final round wMSE scores of the top �fteen teams in all the on-off (left), dyskinesia
(middle) and tremor (right) sub-challenges (the full results can be accessed through the o�cial challenge
website 35). The red bars represent our scores, and the dashed vertical lines represent the null models for
each of the sub-challenges. (B) Mean fraction of variance explained by the models over all �ve validation
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sets ± 1 SEM, for non-naïve subjects in the on-off (top), dyskinesia (middle) and tremor (bottom)
categories.
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