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Abstract—Parkinson’s Disease (PD) is a neurodegenerative
disorder with four cardinal motor symptoms: bradykinesia,
tremor, rigidity, and postural instability. Adaptive Deep Brain
Stimulation (aDBS) is a promising treatment for PD that pro-
vides stimulation based on the expression of PD symptoms,
improving effectiveness and reducing side effects compared to
continuous DBS. Smartwatches can facilitate aDBS by enabling
continuous detection of tremor and bradykinesia. However, for
bradykinesia detection, existing studies using smartwatch data
from PD patients’ natural environment were limited in study
duration and sample size. To address this, the current study
collected smartwatch data for up to seven months in PD patients’
natural environments. From 22 PD patients, the smartwatch
data was pre-processed, features were extracted and analysed,
and a Variational Autoencoder (VAE) was trained to develop a
bradykinesia detection model. However, the VAE could only learn
from frequency-domain inputs and not from time-domain input
data after current pre-processing methods. Limitations were
identified in data quantity, distribution, and quality, including
low-frequency artefacts and noise.

Despite these limitations, feature analysis indicated that the
data set contains valuable information about PD motor symp-
toms. The results of the feature analysis and VAE training
on frequency-domain inputs suggest that, after addressing lim-
itations in data quantity and quality, it could be possible to
train the VAE using smartwatch data from PD patients’ natural
environments. In conclusion, although a bradykinesia model was
not successfully developed, this study demonstrated the required
steps for training the VAE and laid the groundwork for future
studies to develop a bradykinesia detection model.

I. INTRODUCTION

Parkinson’s Disease (PD) is one of the most prevalent
neurodegenerative disorders, affecting over 10 million people
worldwide [1, 2]. Over the last decade, the Netherlands has
seen a 30 percent increase in Parkinson’s Disease (PD) patients
[3], mirroring a global trend of rising PD incidence [4].

PD is characterised by four cardinal motor symptoms:
tremor (rhythmic body shaking), bradykinesia (decrease in
speed or amplitude of movement), rigidity (stiffness of the
body), and postural instability [5]. Although these common
symptoms are typical for individuals with Parkinson’s Disease
(PD), the nature and degree of symptom expression varies
strongly among patients. Moreover, in each patient, motor
symptoms may exhibit fluctuations throughout the day or
between days, making the disease highly heterogeneous [6].
The motor symptoms associated with PD seriously impact the
quality of life of affected individuals. Since there is no cure for
PD, there is a growing body of research focused on developing
effective treatment methods to alleviate PD motor symptoms.

A standard treatment method for PD is dopamine replace-
ment therapy, a pharmaceutical method with prescriptions of

daily doses of dopamine agonists such as levodopa. Although
effective in alleviating PD motor symptoms, due to the pro-
gressive nature of PD, long-term usage of levodopa often
leads to disabling fluctuations and dyskinesias (involuntary
movement of body parts) [5, 7]. In addition, specific symptoms
may become resistant to these pharmacologic therapies [8].
In this case, patients become eligible candidates for another
treatment option: deep-brain stimulation (DBS).

DBS is a surgical treatment method in which electrodes are
implanted into deep regions of the brain [9]. The implanted
electrodes provide continuous electrical stimulation to the
brain and are connected to an internalised programmable
stimulator [10]. Determination of the DBS stimulation pa-
rameter is typically achieved within 3 to 6 months through
4 to 5 programming sessions at the hospital [10]. Alongside
DBS, treatment with medication is usually continued. DBS
can effectively reduce the duration and severity of symptoms
during the off-drug phase, reduce symptom fluctuations and
minimise side effects such as dyskinesias [11, 12]. However,
its widespread use is limited by side effects and partial efficacy.
The current partial efficacy and risk of side effects may be
due to the continuous application of DBS, where stimulation
parameters are set at a fixed point in time. To address symptom
fluctuations and mitigate associated side effects, adaptive treat-
ment strategies, such as adaptive DBS (aDBS), could be more
effective [8, 13, 14]. In aDBS, stimulation is only provided
when necessary, improving therapeutic efficacy while limiting
side effects and preserving battery life [15].

Real-time adjustments in aDBS based on the expression
of PD symptoms require continuous symptom information.
Utilising inertial sensors for measuring body motion provides
an effective means to detect PD motor symptoms [16, 17].
Smartwatches with an inertial measurement unit (IMU) have
emerged as a practical solution for continuous and remote
monitoring of patients’ wrist movement patterns over time
[18–22]. Analysis of wrist movement patterns has been found
useful in detecting PD symptoms such as tremor, dyskinesia
and bradykinesia [23–35]. The widespread availability and
cost-effectiveness of smartwatch devices make them an ap-
plicable option for continuous symptom monitoring, essential
to ensure use in real-world settings [26, 36, 37].

In models for PD symptom detection, challenges arise in
their performance for continuous application in real-world
settings. The main challenges involve distinguishing symptoms
from daily activities [38] and addressing the variability in pa-
tients’ symptom manifestations. To overcome these challenges,
it is essential to collect data from patients’ natural environ-
ments when developing PD symptom detection algorithms.
This approach enables capturing a broader range of symptom
manifestations and daily activities, thereby enhancing the
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accuracy and generalisability of the developed models [39].
Nevertheless, most studies focusing on developing PD

symptom detection algorithms exclusively use data from con-
trolled environments, such as hospitals or labs. This can
be attributed to the complexity of the collection, storage,
transfer, and interpretation of data from natural environments.
Moreover, data labelling usually relies on symptom assessment
from video recordings, which are unavailable in a patient’s
natural environment. Hence it is difficult to obtain accurate
symptom event labels. Despite the challenges in utilising data
from natural environments to develop PD detection algorithms,
such research is essential since the performance of algorithms
developed using laboratory data does not necessarily translate
well to natural environments [29]. However, the few studies
that have collected data from patients’ natural environments
[22, 23, 29, 36, 40–42] were limited in sample size[40, 42],
study duration[41], or focused solely on data collection [36].
Only one study conducted by Powers et al. [22] involved
a large sample size and a 6-month duration of smartwatch
data collection and analysis. However, the study developed
models for detecting tremor and dyskinesia but did not address
one of the most characteristic symptoms of PD, which is
bradykinesia. Given the previous studies’ limitations, this
study aimed to develop a bradykinesia detection model using
smartwatch data collected in patients’ natural environment
over a period of seven months.

In previous research focused on developing algorithms to
detect bradykinesia using wrist kinematic data from patients’
natural environment, various techniques were employed. One
of the first studies utilised empirically defined thresholds for
signal classification [35]. However, more recent studies have
utilised machine learning (ML) methods for bradykinesia de-
tection, to enable the identification of more complex, nonlinear
patterns. These methods include conventional ML models such
as random forest and support vector machine [31, 32, 34, 43,
44], and deep learning (DL) methods such as convolutional
neural network (CNN) [23, 25, 27, 30]. Among these, CNNs
have shown superior performance for bradykinesia detection
using data from natural environments. However, the limited in-
terpretability of CNNs due to their "black box" approach often
results in algorithms lacking transparency and explainability.
This presents a challenge for their real-world application,
especially in a medical context. A Variational Autoencoder
(VAE) with convolutional layers offers an alternative method
that enables improved interpretability of results by providing
input reconstructions. This DL method is considered promising
as it can offer better transparency and explainability compared
to CNNs [45, 46].

In one previous study [42], a VAE was employed to suc-
cessfully develop a bradykinesia detection model. However,
the study’s data collection was limited in duration and sample
size, and the additional use of video data, which is impractical
for home installation, limits the real-world application of the
developed algorithm. Additionally, the lack of sharing details
on the model development and the resulting algorithm limits
the reproduction and applicability of the model [47].

This study aims to fill the research gap by exploring the use
of a VAE for PD bradykinesia detection model development

using a large dataset from a patient’s natural environment.
Smartwatch data was collected from each PD patient for up to
seven months, and was used to train the VAE for developing
a bradykinesia detection model. The study also performed a
feature analysis to better understand the dataset. The publicly
available and FDA-approved software used for data collection
makes the process replicable. To optimise battery and memory
usage on the smartwatch, the study limited pre-processing
steps. By minimising these steps, the collected data was used
to train the VAE to detect bradykinesia. Following these steps,
the study aimed to assess the feasibility of using smartwatch
data collected from PD patients’ natural environment to train
a VAE for developing a bradykinesia detection model.

To address the research objective, first, the working princi-
ple of a VAE is explained. This is followed by a description of
the methodologies for data collection and data pre-processing,
which includes segmentation, resampling and removal of data
segments with small amounts of data and with detected non-
wear instances of data. Next, the analysis of six characteristic
features of PD is described, followed by the VAE model
training procedures. Subsequently, the amount of collected and
downloaded data are presented, followed by the results of the
data processing, feature analysis, and VAE model training.
To lay the groundwork for future research on this topic,
limitations and corresponding recommendations for future
research are extensively reported.

II. VARIATIONAL AUTOENCODER

In the current study, a Variational AutoEncoder (VAE) is
employed for the analysis of smartwatch data from PD patients
recorded in their natural environment. The selection of a VAE
was based on its general suitability for recognising complex
patterns, like in bradykinesia, using large data sets. Moreover,
through input reconstruction, results from a VAE have im-
proved interpretability compared to other Deep Learning (DL)
models [45, 46]. In this section, the working principle of a
VAE is described.

VAEs are generative DL models typically consisting of two
CNN components: an encoder and a decoder [48] (see fig.
1). The encoder network transforms high-dimensional input
data into a lower-dimensional latent space with a normal
distribution. Subsequently, the decoder network converts the
latent vector back to higher dimensional space, to generate
a reconstruction of the input. The loss function of a VAE
consists of a reconstruction term and a regularisation term. The
reconstruction term determines the Mean Squared Error (MSE)
between the original input and the reconstructed signal. The
regularisation term is expressed as the Kullback-Leibler (KL)
divergence between the returned distribution and a standard
Gaussian. This term serves as a regularisation metric to prevent
overfitting and regulate the organisation of the latent space,
maintaining important features. The regularity term in a VAE
is introduced to encode an input as a distribution over the latent
space, rather than a single point as in traditional Autoencoder
models. This approach helps to avoid overfitting and creates
a smooth and continuous latent space, which improves gener-
alisation to unseen data.
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Fig. 1. Graphical representation of a Variational Autoencoder [48]. In green,
the input data (I) is presented, yellow represents the latent space (z = e(I)),
and the reconstructed data is given in red (O = d(z)).

The process of training a VAE model involves a series of
steps, in which the input data set, denoted as I, undergoes
processing through the VAE model, resulting in the output O.
In the initial step, the input data is passed through the encoder
model, which can be identified in equation 1 as e(I). In the
encoder model, the input data is encoded as a distribution with
some variance and is forced to be close to a standard normal
distribution. Thus the parameters of the normal distribution,
i.e. the mean µ and covariance σ, are outputted by the encoder
model. The next step involves sampling a latent representation,
represented by ~z in equation 1, from the distribution. Subse-
quently, the decoder model, represented by O in equation 1, is
used to generate a reconstruction of the input data. In the final
step, the reconstruction error is computed and backpropagated
through the network.

e(I) = N (~µ, ~σ)

~z ∼ N (~µ, ~σ)

O = d(~z)

(1)

The VAE is optimised by minimising both the reconstruc-
tion loss, found by calculation of the mean squared error
and the Kullback-Leibler divergence between the distribution
parameterised by the encoder outputs and a standard normal
distribution. The total loss function is given in equation 2,
where Ee denotes the expectation from the distribution of e(I).

L = Σi(||O − I||2 +KL(N (~µ, ~σ),N (O, I)))

KL = Ee[log e(I)− logN (O, I)]
(2)

.
Using these two components in the total loss function, once

the model has been trained, the loss function is plotted in
a graph. The plot visualises the learning curve, illustrating
how the loss function evolves over time. This plot comprises
two key elements: the total loss and the validation loss. The
total loss assesses how well the model fits the training data,
whereas the validation loss measures the model’s performance
on unseen data. During training, the total loss and the valida-
tion loss should both decrease. However, if the model starts
overfitting, a gap will emerge between the two curves in the
loss graph [49]. The size of this gap signifies the extent to
which the model is overfitting. During training, the model’s

performance is analysed based on the loss function, indicating
how well the model is learning.

III. METHOD

Before implementing data to a VAE model, the current study
performed collection, pre-processing, and feature analysis of
smartwatch data. In this section the data collection method is
elaborated first, including details about what data is collected
throughout the collection period and the requirements for
successful data collection. Subsequently, the data processing
procedures are described, comprising data retrieval, data qual-
ity assessment, signal pre-processing and non-wear detection.
Lastly, details on the data analysis steps are provided, includ-
ing the computation and analysis of features and a description
of the employed data classification model. The whole process
from beginning to end is visualised in figure 3.

A. Data Collection

The current study was part of the first phase of an ongoing
observational study at the Amsterdam University Medical Cen-
ter (UMC), only including data collected between September
2022 and October 2023. The study focuses on patients with
PD who received treatment with a Medtronic PerceptTM PC
STN DBS system [50]. A complete data collection period
for a patient spans seven months. It involves six clinical
testing visits that coincide with their routine care visits to
minimise the required effort for participation. Various data
types were gathered from patients at different stages of the
data collection period. This is illustrated in figure 2, which
represents the complete data collection period. The smartwatch
data collection is conducted both in-clinic and remotely in
the patient’s natural environment. In the current study, every
patient was included at a different point in time, with inclusion
dates varying from several days up to a year. As a result,
the duration of the data collection period varied for each
patient. The following paragraphs outline the procedures used
to continuously collect smartwatch data for this study.

1) The Data Collection Process: The data collection period
starts at the first visit to the clinic, referred to as ’visit 0’,
during which the informed consent form is signed. At this
visit, which takes place one month before the DBS surgery,
the patient receives a smartwatch (Apple Watch Series 7 and
8) and a smartphone (Apple iPhone 6, 6s, 7, 8 and SE) with
the StrivePD application [51] from Rune Labs installed. The
smartwatch is placed on the wrist of the most affected upper
limb, according to the clinical indication of the physician. The
smartwatch records kinematic and heart rate data, which is
temporarily stored on the device and transferred through the
StrivePD application for long-term storage. The smartwatch
data is pseudonymised and ingested into the Rune Labs
platform, where researchers can access it.

The kinematic data recorded by the smartwatch consists
of inertial measurements from the tri-axial accelerometer and
gyroscope embedded in the smartwatch’s IMU. The accelera-
tion and angular velocity, referred to as rotation in this study,
are registered with a sampling frequency of 50 Hz. The heart
rate is recorded using an optical heart rate sensor, consisting
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Fig. 2. Timeline of the data collection process. As illustrated, the patients
undergo six clinical visits, before and after Deep Brain Stimulation (DBS)
implantation. The ’post-OR’ (post Operating Room) visit, takes place the
day after DBS surgery. The smartwatch data, comprising kinematic data
(acceleration and rotation) and heart rate (HR) data, is collected throughout the
whole period. Visits encompass motor symptom evaluations using the MDS-
UPDRS III (Appendix I) indicated by the triangles, with visit 5 incorporating
evaluations under varied conditions: off medication and DBS switched off
(OFFmed / OFFstim), off medication and DBS switched on (OFFmed /
ONstim), ONmed / OFFstim, and ONmed / ONstim. Recording of the Local
Field Potential (LFP) activity is measured by finding the differential in the LFP
signal between two contact pairs [50]. The LFP data is measured before and
after DBS activation, indicated by the triangles, and in one-minute readouts
during diary entries. In addition, longitudinal LFP recordings indicated by the
horizontal line, are passive out-of-clinic sensing of neuronal activity, which is
continuously recorded after activation of the Medtronic PerceptTM PC DBS
system, until the end of the data collection period. The diary data is obtained
through an application belonging to the Medtronic PerceptTM DBS system,
which patients use to fill out a clinical diary five times a day to assess their
motor state. Stimulation and medication adjustments during the six-month
recording period are documented in electronic case record forms (eCRFs).
Data pseudonymisation, storage, and synchronisation are executed using the
Rune Labs software platform, ensuring data privacy and access limited to the
Amsterdam UMC researchers.

of an LED light that flashes with a frequency of 100 Hz
[52, 53]. These measurements allow for calculating the heart
rate in beats per minute (bpm), resulting in a heart rate value
registration with a frequency of 0.2 Hz.

The second visit, referred to as the ’post-OR’ (post Op-
erating Room) visit, takes place the day after DBS surgery.
During this visit, exclusively Local Field Potential (LFP) data
is collected. The third clinical visit, referred to as ’visit 2’,
occurs two weeks after implantation, when the DBS system
is activated. During this visit, standardised Movement Dis-
order Society Unified Parkinson Disease Rating Scale (MDS-
UPDRS) Part III motor tasks are performed by the patients and
videotaped. These video recordings are later used by a trained
clinician to assess a patient’s PD motor symptom severity.
The PD motor symptom severity is rated by assigning MDS-
UPDRS scores, making up the clinical data.

The two subsequent clinical testing visits, ’visit 3’ and
’visit 4’, occur two months and four months after surgery.
Following the previously described procedure, clinical data is
collected during both visits. Lastly, the final clinical testing
visit, referred to as ’visit 5’, is planned six months after
implantation. During this last visit, the effect of DBS was
evaluated using systematic MDS-UPDRS III scores in four
different conditions.

From the smartwatch data types, the focus of the current

study is on the use of kinematic data since heart rate measure-
ments take up most part of a smartwatch’s energy expenditure
compared to other sensors [54, 55]. Therefore, developing a
classification model that does not require heart rate data is
desirable.

2) Monitoring Data Quality: The collected smartwatch
data predominantly consists of recordings from patients’ nat-
ural environment. Therefore the data collection could not be
controlled directly, and data quality was monitored remotely
through the Rune Labs platform throughout the complete data
collection period. During the research process, Rune Labs
stopped providing active support for the collection of raw
kinematic data in ’high-fidelity mode’, resulting in unresolved
issues with the collection of this data.

The quality of the collected kinematic and heart rate data
is influenced by a variety of factors, linked to the process of
data transfer and storage. The data from the smartwatch is
transferred online via the StrivePD application to the Rune
Labs platform, directly or via the iPhone. The iPhone is
required to provide an internet connection for data transfer.
Therefore, a stable connection between the iPhone and the
smartwatch, and to WiFi or mobile data is required. If the
collection with the iPhone or the internet is lost, the raw
kinematic data will not be transferred. If this connection loss
persists for several days, also the transfer of data collected
in the ’low-fidelity’ mode, consisting of other data types (see
Appendix G), will be disrupted.

Another factor that impacts the kinematic data storage
and transfer is the activity of the StrivePD application. The
StivePD application from Rune Labs is mainly developed for
clinical application. It is designed for active patient use, offer-
ing tools such as medication reminders, insight into symptom
progression and keeping a symptom diary. In the context of
this research, employment of the StrivePD application was
limited to the passive collection of smartwatch data. Patients
were instructed to wear the smartwatch and carry the iPhone,
without utilising the devices for any other purpose. However,
lack of active engagement with the devices and the StrivePD
application caused issues such as patients forgetting to carry
the iPhone, disruptions in WiFi or Bluetooth connections that
went unnoticed, or outdated software. In addition, periods of
inactivity, such as non-wear periods, may cause the StrivePD
application to close automatically, halting raw kinematic data
collection. Therefore the patients were instructed to open the
StrivePD application regularly to reduce instances of automatic
closing of the StrivePD application. For the data collected in
low-fidelity mode, this problem did not occur.

Another factor contributing to issues with data streaming
relates to the device charging. The high-fidelity mode on
the smartwatch contributed largely to the battery expenditure,
which meant that patients sometimes had to charge the devices
up to three times a day.

Thus, in order to obtain high-quality data, patients needed
to be actively involved in the data collection process. This
involved regularly charging their smartwatch and smartphone,
consistently opening the StrivePD app, and adjusting settings
in case of any streaming issues. The quality of the collected
data was thus determined by the level of engagement from the
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patients.
Due to the various challenges regarding data availability,

and the minimal support from the platform to address these
challenges, constant involvement of researchers was also re-
quired. When several days of missing data, or more extended
periods of insufficient data quality were observed, patients
were contacted by phone or email. This approach ensured
that data streaming issues were often addressed promptly,
minimising data loss and reduced data quality. More details on
the data quality monitoring process are provided in Appendix
A. In addition, an evaluation of using SIM cards to provide a
stable internet connection is given in Appendix E.

B. Data Processing

Once the data collection phase was concluded, the next step
involved retrieving and pre-processing the acquired data for
subsequent analysis. The following paragraphs elaborate on
the process of downloading and pre-processing of the data as
preparation for input into the VAE.

1) Downloading Smartwatch Data: The Rune Labs plat-
form was utilised to collect and store data from the smart-
watch. To access the data, users can download it from the
platform using an access application programming interface
(API) in the Python programming language. The version 1
(V1) Access API for data downloading was found to be
outdated and resulted in poor-quality data. Therefore, using
the more advanced version 2 (V2) Access API is required
to obtain data of sufficient quality. However, the Rune Labs
platform was primarily designed to obtain data collected in
the ’low-fidelity’ mode, and it no longer actively supported
the high-fidelity mode. Hence, initially, no code was available
to download the raw kinematic data. The required raw kine-
matic data, could thus not be readily downloaded from the
platform using their V2 access API. After multiple attempts
to rewrite existing codes for downloading the kinematic data
and discussing the results with the Rune Labs administrator, a
code for parallelised data retrieval using the latest access API
was shared by Rune Labs. This code was used to download
the data from the platform. A more detailed description of the
steps required for downloading kinematic data from the Rune
Labs platform is provided in Appendix B.

After access was granted to the AMC cluster and to a
storage disk, in the study’s final month, the complete data
set could be downloaded using the V2 Access API. However,
interruptions occurred when running the data retrieval code,
automatically freezing after a certain duration. Therefore, the
current study did not manage to download the complete data
set.

2) Data Quality Assessment: To prepare for the analysis
and classification of kinematic data, it is important to have
a clear understanding of the data quantity and distribution.
This can help in interpreting results from subsequent analysis.
Therefore, the first step in the data processing procedure was
to visualise the data availability.

From the Rune Labs platform, it was found that there were
instances of missing data for each patient, called data ’gaps’.
These data gaps ranged from extended periods of several

days to smaller gaps with data missing for just a few hours.
Additionally, there were intermittent data points missing every
few minutes or seconds, leading to a faltering data streaming
pattern.

Assessment of the extent and the distribution of data gaps
in the downloaded data was performed by visualising data
availability across the entire data set and for each individual
patient. This facilitated the determination of an approach to
address these data gaps.

3) Data Pre-processing: Before pre-processing the data,
the acceleration data was merged with the rotation data based
on the timestamp for each data point, merging the data on
the closest timestamp. The acceleration and rotation data were
stored in separate folders. For the acceleration data, there was
a folder with the acceleration data due to gravity and the
acceleration data of the user, from which gravity was removed
by Rune Labs. The acceleration data of the user was used in
this study.

After merging of the kinematic data, the first step in data
pre-processing was data segmentation. The length of each
segment was determined in collaboration with the clinicians
at the Amsterdam UMC. This decision was made, based on
the duration of bradykinesia episodes, which vary from 10-15
minutes to one or two hours. Selecting a time segment approx-
imately 10% of the average off-medication duration, aimed to
avoid incorporating both normal and bradykinetic movements,
as this could limit detection accuracy. Consequently, a five-
minute segment length was recommended for bradykinesia
detection. This decision was supported by studies such as
Habets et al. [56], which found a five-minute segment length
optimal for detecting bradykinesia.

The employed data segmentation method was based on a 5-
minute duration determined by the timestamp data in the ’time’
column, using a sliding window approach without any overlap
[57]. The segmentation process started at the first timestamp
in the ’time’ column of the patient’s data frame. This approach
was implemented to ensure that, despite the gaps in data, the
temporal information was retained.

Upon close observation of the data within the segments,
an unusual pattern was observed in the data. As outlined in
the Apple Watch documentation [52], the anticipated sampling
frequency is 50 Hz, implying a time interval of 20 ms between
consecutive data points. However, in addition to slight varia-
tions in the spacing length of 20 ms, very small spacing lengths
were also observed, usually occurring after a data gap. This
pattern was detected across all patient data. To compensate
for this unevenly spaced data, the data was resampled using
the mean of the data points within a 20 ms range, resulting in
data points with an even spacing of 20 ms.

Due to periods of unevenly spaced and faltering data,
missing data periods were contained within the segments,
leading to empty segments or segments with data gaps. To
address this, segments with data quantities below a certain
threshold were removed, whereas those with some missing
data points were preserved and imputed later to retain as much
of the data as possible. In contrast to previous studies, the
current study applied a segment-based threshold rather than
daily-based thresholds, to ensure minimal data removal [58].
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Fig. 3. Flowchart outlining the procedures from the smartwatch data collection to the smartwatch data analysis. The data pre-processing steps are defined
in a separate block located at the bottom right. After data segmentation, all pre-processing steps are applied segment-wise, including the non-wear detection
method. The heart rate data is merged with the kinematic data, and it is linearly interpolated to fill the segment with heart rate data. Furthermore, the heart
rate data segments are compared with the non-wear data segments, and the heart rate is scaled to match the kinematic data values for use as input to the VAE.
The vector magnitude (VM) is calculated for both acceleration and rotation signals at each time instance, within each segment. The power spectral density
(PSD) is calculated using the Welch method. The PSD of both acceleration and rotation signals are computed for each axis and averaged over the three axes
for feature computation. The feature computation includes the computation of six features characteristic of PD, including two time domain and four frequency
domain features. These features are subsequently analysed to assess the value of the information contained in this data set to detect motor symptoms. The
pre-processed data is used as input to the VAE in four different modalities. Two modalities consist of only kinematic data in the time domain, one modality
consists of kinematic data in the frequency domain, and the last modality contains kinematic data and heart rate data in the time domain. The inputs to the
VAE are first appended to a single file so that the data can be loaded into the VAE, after which the VAE is trained. The dashed lines indicate the use of data
segments for comparison, not for further processing.

These prior studies used thresholds ranging from 25% to 50%
as the maximal data missing rate over a day [59]. Using the
highest threshold, the current study applied a minimum length
of 4 minutes, meaning that data segments with 20% or more
missing data points within 5-minute segments were removed.
The number of removed segments and their corresponding
segment numbers were tracked during this process.

The missing data in the remaining segments was addressed
using data imputation. This was done to ensure all data
segments contained the same number of data points. Since
the data gaps in the remaining segments were limited, the
methods selected for data imputation had limited influence
and were chosen for their simplicity. To fill gaps in each
data segment, linear interpolation, which is a simple and
commonly applied method for imputing time-series data [60],
was applied. Additionally, a first-order spline interpolation
function was applied for comparison, as it was found to give
good results for the imputation of kinematic data [61]. Both
the linear and first-order spline interpolation methods can
only impute data on the inner regions of the data segments.
Therefore, zero-padding was used to impute data on the outer
regions of the data segment. In this way, all data segments
were ensured to have the same length of 5 minutes, which
equals 15000 data points with a sampling frequency of 50 Hz
(5min×60s×50Hz).

After resampling and interpolating the data segments, the
heart rate data was merged with the kinematic data segments.
The merging was based on the closest time, with a maximum
variance of twice the sampling frequency of the heart rate

data to be added as a value to the corresponding row with
kinematic data. After merging the data, a lower missing rate
threshold was set compared to the kinematic data due to the
relatively lower sampling frequency of the watch for the heart
rate data. The threshold was set to a maximum data points
missing rate of 80%. For heart rate data imputation, linear
interpolation was used to fill data gaps and forward fill as well
as backward fill, with the last value present, were employed
to ensure all segments were of equal length. For the input of
segments with heart rate data into the VAE, the heart rate data
was scaled to reduce bias caused by higher values of heart rate
data in comparison to kinematic data [62]. The acceleration
and rotation data values are mostly between -2 and 2 (G and
rad/s), and heart rate values are mostly between 60 - 100 rpm
[63]. Therefore, the heart rate data was scaled down by a factor
of 50 to match the range of acceleration and rotation data
values.

4) Non-wear Detection: After the data pre-processing
phase, a cleaning step was introduced to eliminate non-wear
instances from the data set. Non-wear instances, where the
smartwatch continues recording despite not being worn, intro-
duce erroneous information into the data set. This occurs be-
cause smartwatch noise prevents readings from being exactly
zero. Consequently, segments that contain low acceleration
and rotation values during non-wear periods seem to contain
information about the patient’s movement, but instead con-
tain noise. Therefore, distinguishing non-wear segments from
actual human movements during rest or sleep is challenging.

Conventional zero-value detection strategies described in
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the literature [64] were not applicable, since the smartwatch
readings during non-wear periods are not consistently zero. In-
stead, a review by Ahmadi et al. [65, 66] assessing five distinct
non-wear detection methods for wrist-worn devices identified
a superior approach. This approach utilises a threshold, based
on the standard deviation (SD) of the signal’s vector magnitude
(VM) to detect non-wear instances using acceleration data. To
determine the most appropriate threshold value for this data
set, the distribution of the SD of the acceleration VM was
analysed through a histogram. If the data could be divided into
two distinct classes, the SD at the separation point would be
used as the threshold value and otherwise, the threshold value
of 0.013G would be applied. Following this, the segments that
were identified as ’non-wear’ instances were removed from the
data set.

To evaluate the non-wear detection method, the data seg-
ments identified as non-wear were compared to the heart rate
data in these instances. The number of non-wear segments
containing heart rate data can indicate the effectiveness of the
non-wear detection method.

C. Data Analysis and Classification

After the data is pre-processed, feature analysis is performed
to create a better understanding of the data. Subsequently,
different modalities of the data are used to train the VAE. The
methodologies for feature extraction and analysis are explained
in the subsequent paragraphs, followed by an explanation of
the VAE model architecture and training process.

1) Feature Analysis: Characteristic features of PD motor
symptoms are extracted from the kinematic smartwatch data,
and analysed through feature analysis. The aim of this analysis
is to aid in the interpretation of the kinematic data, rather
than to directly detect PD symptoms. Due to the complex
nature of bradykinesia and the difficulty in isolating individual
symptoms without additional filtering, it was decided not
to focus solely on this particular symptom. Hence, features
associated with multiple PD symptoms were selected.

The extracted features include characteristic features for
bradykinesia and tremor, based on prior studies utilising wrist
kinematic data for PD symptom detection [17, 35, 38, 56, 67].
Additionally, features representing the daily activity level for
PD patients were extracted, to reflect the overall PD symptom
severity [68, 69]. Features for both the time and frequency
domain were extracted segment-wise across all data segments,
after pre-processing and non-wear segment removal. Further
details on the extraction procedures for time domain and fre-
quency domain features, as well as their subsequent analysis,
are discussed in the following paragraphs.

For the time domain features, among the key features for
detecting bradykinesia are the mean [24, 35, 56, 70, 71] and
the maximum [24, 56] of the vector magnitude (VM) of the
acceleration and rotation signal. The first step to compute the
time domain features was to calculate the VM [72], given by
equation (3). The VM was calculated for each time instance i

in the data segment, of the tri-axial (xi, yi and zi) acceleration
and rotation signal.

VMi =
√

x2

i + y2i + z2i (3)

Using the VM, the time-domain features were computed
for both the acceleration and rotation signal. These include
features:

1) Segment mean of the VM
2) Segment maximum of the VM

The values of feature 1 were stored in a data frame along
with the start time of the segment. Using this data frame, the
daily patterns of mean acceleration and rotation VM values
were visualised by plotting them over the corresponding dates
of the data segments. To capture the overall daily pattern for
each patient, the mean of the acceleration and rotation VM
were calculated for each segment and then averaged across the
same time instances over all available days for each patient.

For the frequency domain features, the spectral power
between certain frequency bands was analysed to characterise
specific symptoms, while the total spectral power was analysed
for a complete view of the patient’s activity. The spectral
power below 4 Hz, is one of the most dominant features
for bradykinesia defined in literature [56]. This frequency
range is typical for bradykinesia, because in episodes of
bradykinesia, movements are typically reduced in amplitude,
with frequencies mostly between 0.2 and 4 Hz [27, 41], and
the bradykinesia dominant frequency between 0.32-1.40 Hz
[23]. The spectral power between 4-8 Hz, which is the typical
frequency band for Parkinsonian and Essential tremor [24, 35],
reflects the presence of tremor symptoms. For all features, it
should be taken into account in the analysis that dyskinesia
(involuntary movements), which can also be measured from
the wrist, is also typically observed within frequency ranges
of 1-5 Hz [73, 74].

To compute the features in the frequency domain, first, the
Power Spectral Density (PSD) [75] was generated for each
segment of data. The PSD was calculated using the Welch
Averaging method [76] using SciPy [77]. The Welch method
involves dividing the signals into M windows of length L

instead of taking the Fast Fourier Transform (FFT) over the
entire signal, resulting in a smoother spectrum (see eq. (4)).
Here PWelch(f) represents the Welch PSD, M the number
of segments, and |Xi(f)|

2 is the magnitude squared of the
Fourier transform of the i-th segment.

PWelch(f) =
1

M

M
∑

i=1

|Xi(f)|
2 (4)

The Xi(f) term in the Welch method is calculated using
Equation (5), where xi[n] represents the i-th segment of the
input signal, w[n] the window function, and FFT denotes the
Fast Fourier Transform.

Xi(f) = FFT{xi[n]w[n]} (5)

This PSD estimation process is performed separately for
acceleration and rotation data along each axis, resulting in
three Welch PSDs (Pxx, Pyy, Pzz) per data type for each
segment. The window length L was set to 10 seconds, and
the overlap to 50%, determined based on a comparison of the
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results of different settings, providing a good balance between
resolution and a smooth, interpretable signal. The three PSDs,
were combined by computing their mean, resulting in a single
PSD for both the acceleration and rotation signals of each
segment.

Using the combined PSDs, the frequency domain features
[38, 68] could be computed. The selected frequency domain
features are computed for each segment. These are features:

3) Total spectral power
4) Spectral power below 4 Hz
5) Spectral power between 4-8 Hz
6) Peak power between 4-8 Hz

Following Parseval’s Theorem, the spectral power was found
by calculating the area beneath the PSD [68, 75, 78]. For the
total spectral power, reflecting the total activity of the patient,
the total area under the PSD was calculated, with frequencies
limited to the Nyquist frequency [79] of 25 Hz.

To analyse whether distinctions can be made between pa-
tients with more severe PD motor symptoms and those with
milder symptom expressions, using the current data set, two
distinct patient groups were composed based on the MDS-
UPDRS scores assigned during the clinical visits. The decision
to create only two groups, without distinguishing between
different phenotypes like severe bradykinesia and rigidity or
severe tremor group, was based on three reasons. Firstly, from
the patients’ MDS-UPDRS scores, it appeared that higher
scores for tremor were often associated with higher scores
for bradykinesia and vice versa. Moreover, distinguishing
between different phenotypes through the current analysis is
challenging since no frequency filtering was performed in the
current study, making it difficult to isolate tremor expressions
for bradykinesia analysis or isolate bradykinesia expressions
for tremor analysis. Finally, the patient population is limited;
thus, dividing the patients into multiple groups would further
reduce group sizes, making it challenging to draw reliable
conclusions.

The composition of the two PD severity groups was based
on the overall MDS-UPDRS scores of the PD patients from
which data was downloaded. The ’severe’ patient group
comprised the seven patients with the highest MDS-UPDRS
scores, while the ’mild’ patient group comprised the seven
patients with the lowest MDS-UPDRS scores. Only patients
from which at least 20 data segments are available, were
selected for feature analysis. To investigate whether it was
possible to distinguish between these patient groups using
the current data set, both their time domain and frequency
domain features were compared. Prior studies investigated
the relationship between feature values and PD symptom
severity using long-term wrist kinematic data [68, 69, 80].
In a three-year longitudinal study conducted by Nisha et al.
[81], a positive correlation was found between changes in
wrist kinematic data maxima and total MDS-UPDRS score.
Based on these studies, it was hypothesised that patients in the
’severe’ group would generally exhibit higher activity patterns
and, hence, higher feature values with larger variations, than
the ’mild’ group.

Violin plots were employed to visually compare feature
values between the two patient groups. If distinctions between
the two severity groups are recognised, this would suggest
that the data set contains relevant information for the detection
of PD symptoms and, thus, also for further development of a
bradykinesia detection model.

2) The Classification Model: The VAE model employed
in this study is based on the model proposed by David et
al. [82] developed for analysing the gait patterns of stroke
patients. The VAE model leverages an unsupervised learning
approach. In contrast to supervised learning, unsupervised
learning methods do not rely on data labels. This is beneficial
since accurate data labels are not available in the natural
environment of patients. The accurate data labels for PD
symptoms are obtained by rating the PD severity using the
MDS-UPDRS guidelines from video recordings, which are not
available from a patient’s natural environment. Unsupervised
learning focuses on pattern recognition without predefined
targets and allows for identifying non-linear relationships
without data labels [83]. Labels are exclusively required for
performance evaluation, please refer to Appendix C for the
data labelling method. The next paragraphs outline the VAE
model architecture, followed by an elaboration on the training
process.

3) Model Architecture: In this study, minor modifications
have been made to the VAE model architecture to fit in with
the context of the current problem. Adjustments made were to
the kernel size, to fit the current data set, and to the number
of latent features that span the latent space. The following
paragraphs describe the VAE architecture from the input layer
up to the output from the decoder.

In the first part of the VAE model, the input data shape
is determined. Subsequently, the input data is provided to the
encoder, which consists of three convolutional layers with 2,
10, and 20 filters, each having three 1D convolutions for the
six signals. Each convolutional layer consists of the rectifier
linear unit (ReLU) as an activation function [84]. ReLU is a
widely used activation function for convolutional layers [84,
85], it returns zero for any negative input, and it will output
the input directly for any positive value. The mathematical
representation of the ReLU activation function involves the
max function applied to the set of 0 and the input x, as shown
in equation 6.

ReLU(x) = max(0, x) (6)

The output of the last convolution is given to flatten and
dense layers to predict the latent embedding of size 80. The
decoder is symmetric to the encoder. The number of latent
features was a hyperparameter that needed to be optimised
using trial and error, for which 3 to 100 latent features were
tested. The code was implemented in Python using Keras
from TensorFlow [86].

4) Model Training: The VAE model was trained with
multiple data input modalities to evaluate the most suitable
input data type and representation for the VAE to be able to
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learn. The following input data modalities were provided to
the VAE:

1) Data without any non-wear segment filtering, from:

a) Acceleration signal
b) Rotation signal
c) Acceleration and rotation signals

2) Data after non-wear segment filtering, from:

a) Acceleration signal
b) Rotation signal
c) Acceleration and rotation signals

3) The PSD for all three axes after non-wear segment
filtering, from:

a) Acceleration signal
b) Rotation signal

4) Scaled heart rate, acceleration and rotation data.

The data retrieved using the V2 access API were pre-processed
to create the correct input shape, following the steps outlined
in III-B3. This resulted in 15000 time instants for both
acceleration and rotation signals in three spatial directions (x,
y, z), within each segment of data. The input modalities 1 and
2 a-b were thus of size 15000 x 3, and the input modalies 1
and 2 c of size 15000 x 6.

The frequency content of the kinematic data was computed
using PSDs for each axis of both acceleration and rotation
signals of each segment. The PSDs were stored in a data frame
per data type and used as input (modality 3 a-b) to the VAE.
The frequency data included frequencies between 0 - 25 Hz,
with a spacing of 0.1 Hz resulting in an input size of 251 x 3
for both acceleration and rotation frequency data.

The heart rate data was merged with the kinematic data
and interpolated to match the length of the kinematic data
segments, resulting in an input size of 15000 x 7.

Before training the VAE, first an external validation group
was assigned, making a train-test split of 90% and 10% of the
data segments, for later external validation purposes. For this
split it was ensured that all segments within either the train
or test group belonged to one patient, data segments of one
patient were thus either contained in the train folder or in the
test folder. For model validation during training, also in the
model preparation code, a train-test split of 90% and 10% was
made using the Scikit learn library function [87]. The number
of epochs used for network training ranged from 10 to 50,
with the final network training for 25 epochs using the Adam
optimiser.

IV. RESULTS

The results of the remote smartwatch data collection and
corresponding analysis steps are presented in this section.
Hereto, first, the results of the data collection are discussed,
followed by the data pre-processing outcomes. Lastly, the
results from the data analysis and performance of the VAE
are presented.

A. Data Collection

Throughout the study period, kinematic smartwatch data
was available for 43 patients, collected between September
2022 and October 2023. Patients were included at varying
times, resulting in diverse data collection periods among
patients. Ten patients completed the full seven-month data
collection within the specified timeline. Notably, for each of
the remaining patients, the duration of the data collection
period was at least one month. Due to freezing issues en-
countered upon downloading the patient data, the data from
only 22 patients was downloaded. The demographic details of
the patients are provided in table I, differentiating between the
patient group from which data is available and from which data
is downloaded. A total number of 2738 days of movement data
was collected from the smartwatch’s triaxial accelerometer and
a triaxial gyroscope.

The MDS-UPDRS scores for bradykinesia were assigned by
a single trained clinician from the video data of the clinical
visits. The average bradykinesia MDS-UPDRS scores for all
patients for each hand task during the different visits are
presented in table I and a visualisation of the mean and
individual MDS-UPDRS scores is provided in Appendix F.1.

During data collection, several patients encountered notifi-
cation issues with the smartwatch, experiencing sounds, vibra-
tions, or light flashes. These technical challenges, together with
the active involvement required from patients to maintain data
quality, led to the exclusion of nine patients, which constitutes
17% of the initial, total number of patients participating in the
smartwatch study. Notably, 78% of these exclusions occurred
between visit 2 and visit 3, while the remaining patients were
excluded between visit 0 and the post-OR visit. Thus from
some of the excluded patients, valuable smartwatch data has
been collected before exclusion from the study.

TABLE I
DEMOGRAPHIC DETAILS OF STUDY PARTICIPANTS

LEFT: DETAILS OF PATIENTS AND FROM WHICH DATA IS AVAILABLE,
RIGHT: DETAILS OF PATIENTS AND FROM WHICH DATA IS DOWNLOADED

TOTAL SCORES ARE FOR: BRADYKINESIA, TREMOR AND RIGIDITY.

Available Downloaded

Number of Sub-

jects

43 PD Patients 22 PD Patients

Gender 11 females, 33 males 6 females, 16 males
Age 65.2 ± 7.1 years 65.9 ± 6.2 years
PD Dominant Side 17 Right, 12 Left, 12

Unknown
6 Right, 10 Left, 6 Un-
known

Mean of Total
MDS-UPDRS

scores (visit 2-4)

33.5 ± 14.3 (max. 80) 34.4 ± 16.4 (max. 80)

Mean of Hand
Bradykinesia

MDS-UPDRS
scores (visit 2-4)

16.1 ± 7.7 (max. 40) 17.2 ± 5.5 (max. 40)

Quantity of Data 8802 days 2738 days

For the categorisation of patients into two PD severity
groups, the MDS-UPDRS scores for wrist-related symptoms
were compared, including bradykinesia, rigidity, and tremor.
Table II provides an overview of the MDS-UPDRS scores used
for the group composition. Patients were classified as ’severe’
or ’mild’ based on their total MDS-UPDRS scores for these
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TABLE II
MEAN MDS-UPDRS SCORES FOR ALL SYMPTOM TASKS OVER VISITS

RED: ’SEVERE’ PATIENT GROUP, BLUE: ’MILD’ PATIENT GROUP, GREY:
INSUFFICIENT NUMBER OF DATA SEGMENTS, WHITE: NOT ASSIGNED

Bradykinesia Rigidity Tremor Total

Sub003 17.0 8.7 12.3 29.3
Sub005 12.0 4.5 12.0 24.0
Sub006 15.0 4.0 11.0 26.0
Sub010 11.0 1.0 2.0 13.0
Sub014 8.0 3.5 3.7 11.7
Sub018 15.3 5.7 2.3 17.7
Sub020 21.3 4.0 5.7 27.0
Sub021 5.5 2.0 1.0 6.5
Sub025 13.3 7.7 6.3 19.7
Sub031 14.5 0.0 0.0 14.5
Sub033 3.5 1.0 0.0 3.5
Sub038 10.0 7.5 14.5 24.5
Sub039 27.0 5.0 3.0 30.0
Sub041 6.5 2.0 9.0 15.5
Sub042 20.0 8.5 0.0 20.0
Sub043 8.5 3.5 4.0 12.5
Sub044 5.5 2.0 0.0 5.5
Sub046 17.0 2.0 2.0 19.0
Sub047 20.5 6.5 1.0 21.5
Sub048 9.0 6.0 0.0 9.0
Sub050 9.5 2.0 1.0 10.5
Sub052 14.0 6.5 5.0 19.0

three symptoms. The ’severe’ patient group includes the seven
patients with the highest total scores, highlighted in red. The
’mild’ patient group includes the seven patients with the lowest
total scores, highlighted in blue. Three patients are marked
in grey in the table as their total number of data segments
was below 20, which was considered insufficient for feature
analysis. The remaining patients with moderate MDS-UPDRS
scores, are not highlighted and are marked in white. The final
composition of the two PD severity groups is thus visualised
by the red and blue colours in table II.

B. Data Processing

The following paragraphs provide details on the quantity
and quality of the employed dataset, as well as the method-
ological choices employed and the resulting outcomes. First,
the amount of downloaded data is elaborated on, followed by a
discussion on the quality of the current data set. Subsequently,
the results from data resampling and imputation are presented.
Finally, the non-wear detection results are explained.

1) Data Downloading: For downloading the data from the
Rune Labs platform using the V2 access API on the cluster
of the AMC, the freezing of the data downloading process
resulted in only 20% of the available data being successfully
downloaded. The amount of data available and downloaded
from the complete data collection period of one patient is
visualised in figure 4. The period spans from the first to the last
day of data availability for each patient. This figure visualises
the distinct differences between the available data and the
downloaded data. The variations in dates of downloaded data

are not limited to any particular time period. Instead, the
downloaded data occurrences are distributed throughout the
patient’s entire data collection period.

Furthermore, a global visualisation was generated by plot-
ting the available and downloaded data for all patients across
the entire study period, as illustrated in figure 5. This graph
represents each downloaded file as a count of one for the
respective date, aggregated to make up the collective daily
patterns for all patients. Upon analysing these graphs, it was
also found that no pattern could be identified, and the total
downloaded data set is distributed over the entire study period.
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Fig. 4. Bar diagram with the available and downloaded data of a patient,
throughout the data collection period. Each bar in the diagram represents a
single day, with the blue bar indicating the availability of data and the green
bar representing that data has been downloaded. This allows for a patient-wise
visualisation of the distribution of the downloaded data over time.

2) Data Quality Assessment: Despite the close monitoring
of data quality, periods of missing data and non-wear instances
are present for all patients, varying from hours to complete
days or weeks. To assess the data quality, various plots
were generated to illustrate the number of data points per
data segment for each patient, highlighted in the following
paragraphs.

The bar diagram from figure 6 visualises the total number of
resampled data segments for each patient. From the diagram,
it is observed that most patients have a limited number of
data segments, ranging from 50 to 250 segments per patient.
This distribution demonstrates the generally low quantity of
data segments included for analysis and the large differences
in segment quantities per patient.

In addition, a bar diagram was created to display the hourly
count of data segments for all patients across all days. This
diagram offers insight into the distribution of data segments
throughout the day (see figure 7). The diagram for each
individual patient is provided in Appendix F.2. The majority
of data segments in the dataset contain daytime data.

Furthermore, the number of data points per segment was
plotted in a histogram, representing the quality of the included
data segments (see Appendix F.3). The evident peak in the
outermost bin shows that most data segment lengths approach
5 minutes.

Finally, the histogram constructed to visualise the data point
spacing (figure 8) presented the largest bin for a data point
spacing of 20 ms, which is consistent with the smartwatch’s
sampling frequency. However, the histogram also revealed a
variety in data point spacing and a considerable percentage of
data points with a very small spacing of only 0-5 ms. Upon
verification with Rune Labs, it was found that this is how the
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Fig. 5. Bar diagram displaying the total amount of data available (blue) and downloaded (green) throughout the entire study period, aggregated for all patients.
The diagram consists of bars representing each day, with a count of one added for each patient from which data is downloaded on that day. The counts are
then aggregated for all patients, showing the distribution of the total available and downloaded data.
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Fig. 6. Bar diagram for the total number of included data segments per
patient. Each bar corresponds to a single patient, with the height of the bar
corresponding to the total number of data segments included for analysis,
resampling of the data segments.
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Fig. 7. Bar diagram presenting the number of data segments for all patients
over a complete day. The x-axis represents the hour in time for which a data
segment is present, with the time ranging from 00:00 to 23:00. This diagram
shows the distribution of data segments for each patient over a complete day,
with the majority of data obtained from daytime hours.

data from the Apple Watch is obtained, and the reason for this
small data point spacing is unclear.

3) Data Resampling and Imputation: To address unevenly
spaced data, the data segments were resampled to obtain a
data spacing of 20 ms. To evaluate the plausibility of this

Fig. 8. Histogram of spacing between consecutive data points, over the
complete data set. The highest percentage falls within the 15-25 ms bin for
data point spacing, which is in line with the sampling frequency of 50 Hz
and, thus, a data spacing of 20 ms. Remarkable, is the high percentage of
occurrences of a data point spacing of 0-5 ms.

method, the signals before and after resampling are plotted in
one figure (see Appendix F.4). Due to averaging, resampled
values were sometimes slightly lower than the original values.
However, these differences are minor.

After data resampling, the gaps in data segments were filled
using linear interpolation and zero padding, selected for their
simplicity and effectiveness in imputing time-series data. To
verify the correct working of these methods, a visualisation
was made of the signal before and after imputation.

The resulting data segments of merged heart rate and
kinematic data, after heart rate data interpolation and scaling,
were also visualised. This visualisation served as a means to
verify the correct functioning of the method (see Appendix
F.5). The number of segments with heart rate data is 477
segments, which is much less than the number of kinematic
data segments.

4) Non-Wear Detection: To determine the threshold for
non-wear detection, a histogram was plotted (figure 9) using
the standard deviation of the VM for the acceleration signal
to represent the distribution. From this histogram, it was not
possible to make a distinction between two classes for defining
a threshold based on the current data set. Therefore, the
threshold value of 0.013G [66] was applied, indicated by the
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red line in the histogram.
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Fig. 9. Histogram for identification of threshold for maximal data missing
rate, using the SD of the VM from the acceleration signal. The red line
indicates the threshold value of 0.013G [66]. No clear distinction can be
found between two classes, for determining a non-wear detection threshold
based on this data.

The non-wear detection method resulted in the removal of
a total of 857 data segments. Upon visual inspection, most
segments showed signals with values around zero for both the
acceleration and rotation signals or with a noise signal with
zero mean. In Appendix F.5, examples of segments can be
found identified as non-wear instances.

The comparison between the non-wear segments and the
heart-rate data revealed that most of the non-wear segments did
not contain heart-rate data. In 1.5% of the non-wear segments,
heart rate data was present, indicating that these segments are
not actual non-wear instances. Notably, the heart rate values of
these non-wear segments ranged between 40 - 50 rpm, typical
of human heart rates during sleep. This observation highlights
the challenge of distinguishing between non-wear and sleep
or rest instances.

5) Signal Artefacts and Noise: Upon visual examination
of data segments, distinct low-frequency artefacts resembling
non-linear baseline drift were observed in specific acceleration
signal segments. Examples of such segments are visualised in
Appendix F.8. These artefacts were more frequently present
in segments categorised as ’non-wear’ than those classified
as ’wear’. No prior studies were found with identical signal
artefacts in acceleration signals. However, these artefacts may
be a combination of multiple sensor errors, such as scale
factor errors, constant bias, drift and random errors [88–
90]. Since errors in accelerometer and gyroscope data are
common, a variety of studies are focused on developing error
reduction methods [88–92]. However, in electrocardiogram
(ECG) signal processing, a similar phenomenon, known as
’baseline wandering,’ has been previously identified [93–95].

During the analysis of the rotation signal, it was observed
that certain inaccuracies were present in the form of noise
signals. Examples of such segments are visualised in Appendix
F.8. These noise signals were not always associated with
instances of artefacts in the acceleration signal.

C. Data Analysis

After pre-processing the data, characteristic features for PD
were computed, which were then used to train a VAE. The

computed features are presented in the following paragraphs,
followed by a discussion on the training performance of the
VAE.

1) Feature Analysis: For data interpretation, characteristic
features for PD were computed in the time domain and in the
frequency domain, from which a visualisation of the results is
presented in the following paragraphs.

Fig. 10. Vector magnitude (VM) plot and power spectral density (PSD) plot
examples of the acceleration signal with the features indicated in the figure. In
the top figure, the two time domain features are indicated: Feature 1) the mean
acceleration and rotation of the VM per segment, and feature 2) the maximum
acceleration and rotation of the VM per segment. The spectral features are
indicated in the bottom figure: Feature 3) The area under the total PSD (total
spectral power), feature 2) the area under the PSD below 4 Hz, feature 3) the
area under the PSD in the tremor frequency band (4 - 8 Hz) and 4) the peak
power in the tremor frequency band (4 - 8 Hz).

In the time domain analysis, two features (feature 1: seg-
ment mean of the VM, feature 2: segment maximum of
the VM) were computed from both acceleration and rotation
signals from each data segment (see figure 10). The mean
VM values were then averaged across all available days for
each patient, enabling the observation of average daily activity
patterns. Figure 11 illustrates the average day for the patient
from which the most data is available. Observations from
the average daily activity patterns suggest higher mean VM
values for both signals between 6 am and 9 pm, aligning
with expected daily activity patterns [96, 97], suggesting the
plausibility of the data in this data set.

To investigate whether the ’mild’ patient group can be
distinguished from the ’severe’ patient group, a violin plot was
generated for each feature (see figure 12). The observations
from the violin plots in the time domain show that generally,
the ’severe’ patient group shows higher mean values for
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Fig. 11. Plot of the acceleration and rotation VM values, showing the average
values over all data segments from one patient during a day. This plot provides
a visualisation of the daily pattern for the acceleration and rotation magnitude
values of Sub025.

both features 1 and 2, a larger variance and a larger data
distribution than the ’mild’ patient group. Especially a large
difference is visible in the feature value distribution between
the two groups. For the acceleration signal specifically, a clear
difference is seen for both features between the distribution
and the mean of the two patient groups. The difference in
variance of the groups is smaller, but also slightly higher for
the severe patient group. The rotation signal features showed
an even greater difference in distribution, especially for feature
2. The mean of the severe patient group was also higher
for both features, compared to the mild patient group. The
variance of the severe patient group, however, is lower for
feature 2 compared to the mild group.

Fig. 12. Violin plot of the time domain features of the ’severe’ (red) and
’mild’ (blue) patient groups. Feature 1) is the mean acceleration and rotation
of the VM per segment, and feature 2) is the maximum acceleration and
rotation of the VM per segment. On the left are violin plots of acceleration
signal features, and on the right are violin plots of rotation signal features.

For each of the frequency domain features (features 3-6), a
violin plot was also computed for both signals to distinguish
between the ’mild’ and ’severe’ patient groups (see figure 13).
For the acceleration signal, relatively small differences were

Fig. 13. Violin plot of the frequency domain features of the acceleration and
rotation signals of the ’severe’ (red) and ’mild’ (blue) patient groups. From
top to bottom, the spectral features are presented: 3. Total area under PSD
4. Power under PSD for bradykinesia frequency band (below 4 Hz) 5. Power
under PSD for tremor frequency band (4-8 Hz) 6. Peak within the tremor
frequency band (4-8 Hz). On the left are violin plots of acceleration signal
features, and on the right are violin plots of rotation signal features.

observed between the violin plots of the features, compared to
the rotation signal, with a large outlier across all features in the
mild patient group. For feature 5 (spectral power between 4-8
Hz), the differences between the two patient groups are the
smallest. For feature 3-5, the ’severe’ group shows slightly
higher mean and variance compared to the ’mild’ group
and slightly larger distributions. Notably, larger differences
between patient groups are visible for feature 6 (peak power
between 4-8 Hz). With a larger distribution, a higher mean,
and a slightly higher variance of the severe patient group.
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For the spectral features of the rotation signal, more distinct
variations are observed between the two patient groups, than
for the acceleration signal. For feature 3 (total spectral power),
it is clear that the distribution is larger, and the mean and
variance are higher for the severe patient group. For feature
4 (spectral power below 4 Hz), the severe patient groups
also show larger distribution, mean, and variance but with
smaller differences for the latter two compared to feature 3.
For feature 5 (spectral power between 4-8 Hz), it is notable
that the mild patient group has a very low distribution of
feature values, approaching zero, with clearly a larger feature
value distribution for the severe group. For this feature, small
differences are observed between the mean and variance, with
slightly higher values for the severe patient group. Finally, for
feature 6 (peak power between 4-8 Hz), the largest difference
is observed in distribution with a slightly higher mean and
variance for the severe patient group.

2) Data Classification Model: The VAE model was trained
using different input modalities as described in section III-C4.
Modalities 1a-c, with non-wear segments not removed, con-
tained 2319 segments as input. After the removal of non-wear
segments from input modalities 2a-c, 1653 segments remained
for use as input. The PSD of the segments was computed after
non-wear segment removal, and thus input modalities 3a-b
contained 1653 segments. Due to the limited availability of
heart rate data, input modality 4 contained only 436 segments
for use as input to the VAE. The model architecture changes
were limited, with adjustments made only to the number of
latent features, varying between 3 - 100 latent features.

For training the VAE model using the time-series input data,
despite using various input modalities (modalities 1 and 2 a-
c), the reconstruction and validation losses for both models
remained constant. The input modality 4, using heart rate data,
resulted in even higher loss values. These results indicate that
the model did not learn from the input data throughout the
training epochs. Adjusting the number of latent features or
adjusting layers and filter sizes, did not yield any differences
in the loss values, supporting the observation that the VAE
was not capable of learning from the current versions of the
time-series input data.

In contrast, the VAE model was able to learn from input
modality 3a, the frequency-domain input of the rotation data.
For this, applying three latent features resulted in optimal
learning and model reconstruction curves. In figure 14, the
learning curve of one training instance is displayed, where the
blue line shows the total loss as defined in Section II, and the
orange line represents the validation loss. Both the training and
validation loss curves displayed a decreasing trend throughout
the learning process, suggesting learning progress. However,
the observed gap for the current results between the total
and validation loss curves suggests the model may be slightly
overfitting [49]. The number of epochs, displayed on the y-
axis, is limited to 18 due to the implementation of an early
stopping rule in the model, stopping the model training before
reaching 25 epochs. This prevents the model from continuing
to learn if no significant improvement is observed in several
epochs, saving computational costs and preventing overfitting.

The VAE model was also capable of learning using input
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Fig. 14. The loss function for input modality 3a, which is the Power
Spectral Density (PSD) of the rotation signal, from training the Variational
Autoencoder (VAE) model with three latent features. In the graph, the blue
line represents the total loss (eq. 2), while the orange line represents the
validation loss. Both lines show a decreasing trend across epochs, indicating
that the model is learning.

modality 3b, the frequency domain acceleration data. The
initial learning phase was indicated by a rapid decrease in the
learning curves. However, after a few epochs, a plateau in the
learning curves suggests the learning did not improve further.
In addition, the input reconstructions were noticeably different
from the original signal, which suggests that the model has
limitations in its ability to reproduce input data accurately.
The VAE model thus showed superior performance in learning
from the frequency-domain rotation data.

V. DISCUSSION

According to the findings of this study, the current data pre-
processing techniques utilised on this particular smartwatch
data set present some limitations in training a VAE for the
development of a bradykinesia detection model. Nevertheless,
the VAE model’s capability to train on the frequency domain
input data modality and the identification of differences be-
tween two PD severity groups in feature analysis, demonstrate
the potential of using smartwatch data recorded in a patient’s
natural environment and training a VAE. Therefore, by iden-
tifying limitations and outlining the necessary steps for future
studies, this study has laid the foundation for further research
into the development of a bradykinesia detection model.

In this section, a detailed description of the results of VAE
training and feature analysis is provided, to elaborate on this
study’s findings. Following this, limitations of the current
study in data quantity and quality, and current VAE training
procedures are discussed, along with the required steps for
future studies to be able to train a VAE using this data.
Finally, further limitations of the current methods for data
collection, pre-processing, and analysis are highlighted, along
with recommendations for improving these methods in future
research.
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A. Interpretation of Results

In training the proposed VAE model on the kinematic
smartwatch data, it encountered challenges in learning from
any of the input modalities with the time domain version of
the data, even with additional heart rate data. However, it
was found that the VAE model effectively learned from the
frequency domain version of the data.

The VAE’s inability to learn from time domain input modal-
ities can be caused by various factors. One of these factors is
the presence of low-frequency artefacts in the acceleration data
and noise in the rotation data. These low-frequency artefacts
could be an important cause of the model’s inability to identify
patterns from the time domain version of the kinematic data.
The frequency domain representation, on the other hand,
breaks the signals down into their frequency components,
making identification of any patterns by a VAE less susceptible
to noise and artefacts. However, while the frequency domain
input (modalities 3 a-b) allowed the VAE to learn, if the
input data contains inaccuracies, training the VAE on that
data can result in erroneous pattern recognition. Additionally,
the frequency domain version of the data disregards time
information and, given the current data segment length, is thus
not appropriate for real-time symptom detection.

Moreover, the impact of the data pre-processing method has
not been thoroughly investigated in the current study. These
methods might have possibly altered the data in such a way
that it posed challenges for the VAE in extracting meaningful
features. In addition, data imbalances due to varying data avail-
ability among patients and freezing of the data downloading
process might also have contributed to the limitations for the
VAE to learn from the time domain modalities. These findings
emphasise the importance of guaranteeing sufficient quality
and quantity of the data set, before further training of the
VAE model.

Although the possibility of training the VAE was limited,
the results from the feature analysis indicate that relevant
information is captured in the data about PD symptoms. This
is supported by the differences in feature values between the
’mild’ and ’severe’ patient groups. Specifically, the ’severe’
patient group showed a larger distribution of feature values,
as well as higher mean and variance values for the features.

These observations correspond with previous studies that
found a positive correlation between the MDS-UPDRS scores
and wrist activity [81, 98, 99]. The greater variance and feature
value distribution can be explained by fluctuations associated
with PD symptoms [98]. Moreover, the larger distribution
of the feature values for the severe patient group indicates
that variations in feature values are consistent and substantial.
Higher mean feature values indicate higher wrist activity and
are likely higher due to tremor and dyskinesia in the wrist
[99].

This assumption is supported by the observed presence of
tremor in the spectral features. In the rotation signal, features
5 and 6 (spectral power and peak power within the tremor
frequency band), show noticeable differences between the
two patient groups. From the acceleration signal, for feature
6, the ’severe’ and ’mild’ patient groups can also clearly

be distinguished. These findings provide clear evidence that
tremor is present in the data.

On the other hand, identifying bradykinesia through the
current feature analysis is challenging. This is because the
analysis of feature 4 (spectral power below 4 Hz), which
relates to bradykinesia, shows minor differences in mean,
variance, and distribution for both rotation and acceleration.
These values are comparatively higher in the ’severe’ patient
group, which suggests the presence of bradykinesia. However,
the differences are so small that they do not provide strong
evidence for the presence of bradykinesia. Moreover, other
factors, such as dyskinesia, which share similar frequencies,
are not considered during the analysis. Therefore, a more
detailed analysis is required to correctly identify bradykinesia.

Another observation based on the feature plots is that all
features, in both time and frequency domains, showed greater
differences between the ’severe’ and ’mild’ patient groups for
the rotation signals compared to acceleration signals. These
findings are in accordance with the results from the VAE,
which showed a better learning performance using the rotation
input data compared to the acceleration input data. This sug-
gests the relevance of analysing rotation signals in analysing
PD symptoms. However, the rotation signal is important for
detecting tremor, which should be taken into consideration
since it could largely influence the results.

Finally, the daily activity patterns of the VM of the ac-
celeration and rotation signals, align with expected times
of increased and decreased activity. This also indicates the
relevance of the current data set and shows that, despite the
data quality issues, global patterns can be identified in the
data.

Overall, the differences identified from the feature plots be-
tween the two severity groups, consistent with prior research,
suggest that the data collected in this study contains informa-
tion indicative of PD symptom severity. Despite the limitations
in training the VAE from the time domain modalities of
the current input data, the presence of these distinctive data
patterns suggests that, after obtaining a more evenly distributed
data set and performing additional data pre-processing, it is
possible to develop classification models for this data in the
future.

B. Limitations and Future Research

The current study has identified several limitations related
to data collection, retrieval, and data quality. In the following
paragraphs, firstly, the limitations that need to be considered in
future studies working with the same dataset and the proposed
VAE model are highlighted, along with suggestions to address
these limitations to develop a bradykinesia detection model.
This is followed by additional limitations and corresponding
recommendations that could enhance the data collection, pre-
processing and analysis methods and result validation.

1) Further Model Development: In the current study, the
key limitation that was identified relates to data anomalies,
which include low-frequency artefacts in the acceleration data,
and noise in the rotation data. Such anomalies can compromise
the reliability of the data and negatively affect the model’s
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ability to identify patterns from the kinematic data in the time-
domain version. Since the data is collected in an uncontrolled
environment and no previous studies were found that highlight
and address similar artefacts in acceleration signals, it is hard
to determine the root cause of the acceleration artefacts and
identify potential resolution methods.

Therefore, to address this issue, it is recommended to deter-
mine the root cause of the acceleration artefacts that facilitate
further development of a bradykinesia detection model using a
VAE trained on this study’s data set. One approach is to start
with a small-scale study in a controlled environment focused
on hardware inspection, to ensure the reliability of the data
and understand the implications of the artefacts in the current
data set. Employing experiments on a smaller scale within
a controlled setting enables assessment of the feasibility of
individual research components [100].

Examining signal responses during specific movements and
conditions could help identify the origins of acceleration arte-
facts. This way, it can be determined whether these artefacts
arise from specific movements, sensor hardware-related factors
such as mechanical wear, hysteresis, or the sensor’s sensitivity
to environmental variables like humidity and temperature
[88, 101]. Additionally, it can be assessed what the noise
patterns in the rotation data stem from and whether the rotation
data is reliable during these acceleration artefacts.

After identifying the causes of signal artefacts, the next
step is to develop strategies for detecting and addressing these
artefacts. No prior studies with identical signal artefacts were
found. In addition, since these artefacts could be a combi-
nation of several sensor errors, it is difficult to distinguish
and address these errors. There has been extensive research
into accelerometer and gyroscope error reduction methods,
including static and dynamic device calibration [90, 91] and
filtering [90] and ML methods [92] to remove deterministic
and stochastic errors. These methods can be applied if sensor
errors are found to be the cause of the acceleration artefacts
and rotation noise.

Additionally, the low-frequent acceleration artefacts resem-
ble a nonlinear baseline drift pattern known as ’baseline
wandering’ in ECG signals. These have been addressed us-
ing filtering techniques [93] or baseline cancellation using
wavelets like the discrete wavelet transform [93, 94]. Ad-
vanced approaches, leveraging DL methods [95], have shown
even greater efficacy in eliminating baseline wandering but at
the cost of higher computational requirements. These methods
could be applied in case the acceleration artefacts are found
to be identical to ECG baseline wandering.

An alternative consideration is to explore the possibility of
entirely removing segments with signal artefacts or noise from
the data set. However, doing so can pose a risk of discarding
important data and introducing bias into the analysis. There-
fore, deciding whether to remove data segments with artefacts
or noise in the kinematic data or remove signal errors depends
on the root causes of the low-frequency artefacts and should
be carefully considered.

Secondly, to work with this data set in future studies, the
limitations posed by the freeze in data downloading need to
be addressed, to be able to acquire the complete data set. The

problem with the freeze in the downloading process for the
complete data set was not resolved in the current study. This
is due to time limitations, as this problem emerged during
the final month of the study while attempting to download
the complete data set using the V2 access API code. From
communication with the Rune Labs platform regarding this
data downloading issue, it was identified that the disruption
in the data downloading process might be due to random
access memory (RAM) overload. This problem is likely related
to how parallelisation is implemented in the code for data
retrieval since the code was developed for the Rune Labs
cluster. The code’s batch processing of API calls might conflict
with settings in the AMC cluster, causing the freezing of code
execution [102]. To solve this issue, it is advised to contact
the AMC cluster administrator.

Thirdly, to improve VAE model training on the current data
set, it is advisable to also train the model with smaller segment
lengths. Smaller segment lengths minimise the likelihood of
capturing both normal and bradykinetic movements and enable
the model to identify patterns more easily. However, if the
segments are too small, there is an increased chance of
capturing only noise, hence requiring a careful trade-off. A
viable option is a segment length of 30 seconds, for which the
segmentation process and the initial pre-processing steps were
already conducted in this study (see Appendix D). However, it
takes longer to process these smaller data segments. Therefore,
due to time limitations and the presence of the low-frequency
acceleration artefacts, no further steps were performed using
the 30-second data segments. However, the data set segmented
into 30-second segments can be utilised in future studies.

Fourthly, the VAE model showed successful learning with
frequency domain input, but this version of the 5-minute data
segments is not optimal for real-time application, as it lacks
time information. Therefore, future studies should explore
wavelets as an alternative input approach, which contains
both time and frequency content [33, 103, 104]. This will
ensure that the input data is more representative of the time
domain in real-time application, while allowing improved
pattern recognition from the frequency domain.

Fifthly, to address limitations regarding data quantity and
distribution, it is advised to train the VAE on the complete
data set in future studies. To train the VAE effectively, it is
advisable to start with a small well-distributed data set and
progress to larger ones once successful learning is achieved.
However, the current study’s data processing codes have not
been optimised yet to run efficiently on the entire dataset. As
future studies move to larger versions of the data set, it is
advised to optimise the code and improve parallel processing
to process large amounts of data efficiently. To avoid RAM
memory overload issues when loading the complete dataset
to the VAE, a possible solution would be to incorporate a
data loader for batch input of the complete dataset [105]. This
approach would prevent loading all the data into the system
memory simultaneously.

Finally, for the VAE model to learn from time domain
input data, it is advised to first address the input data limi-
tations using the previously outlined recommendations. After
this, it becomes valuable to evaluate the VAE model and
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experiment with different architectures and hyperparameters
to improve model performance. Additionally, alternative ML
models could also be applied in future for comparative analysis
and evaluating the suitability of the VAE for the current
purpose. This comparative analysis not only facilitates model
assessment but can also serve as a validation step after
successful VAE training.

2) Additional Improvements: The recommendations for fu-
ture research for additional improvements are related to the
pre-processing and feature analysis of the data and to im-
proving the data collection process, described in the following
paragraphs.

The data pre-processing methods used in the current study
were chosen for simplicity and evaluated through visual
inspection. However, a more thorough evaluation of these
techniques is recommended to better understand their effects
on VAE training. Future studies should compare the results of
current pre-processing methods for feature analysis or VAE
training to those obtained after applying alternative, more
advanced methods. The following paragraphs elaborate on
possible alternative pre-processing methods.

An alternative method to address unevenly spaced data is
the Lomb-Scargle Periodogram [106]. This method allows
the identification of periodicity in the signal and can aid
in accounting for uneven sampling. The current method of
resampling, to resolve uneven spacing of data points, shows
slight deviations in resampled values at certain time instances.
Therefore, this alternative method could be used to more
effectively address unevenly spaced data.

For data imputation, alternative methods range from statis-
tical methods to ML methods [58, 61, 107–109]. In selecting
an alternative data pre-processing method, a trade-off should
be made between the complexity of the method and the
computational resources required. More advanced methods
may require more computational power, so the benefits of
using a more advanced method should be weighed against
its computational costs.

Another approach for investigating the effect of data impu-
tation is to remove parts of complete data segments, replace
the missing data using different data imputation methods,
and calculate features for the resulting segments [60]. By
comparing the results from different data imputation methods
with those obtained using the complete signal, it is possible
to evaluate the effect of different data imputation methods and
determine the most suitable one.

An alternative non-wear detection method can be used to
evaluate the effectiveness of the current method. Alternative
methods can also be combined with the current method
to improve non-wear detection. An alternative approach to
identify non-wear, involves utilising the ratio of PSD between
frequencies associated with activities of daily living (ADL)
and remaining frequencies. During non-wear, an even power
distribution across frequencies is expected, mainly determined
by noise, and thus the PSD ratio is expected to be small. In
contrast, during wear periods, more power in frequencies is
expected, linked to daily activities, resulting in a larger PSD
ratio. Therefore, setting a minimal threshold for the power
ratio can serve as a non-wear detection method.

A second alternative non-wear detection method involves
using heart rate data to identify ’wear’ segments if they contain
heart rate data. However, this method requires more heart
rate data than what is currently available in the data set to
minimise the risk of disposing of relevant kinematic data
segments. Additionally, since recording the heart rate data
increases battery consumption [54, 55], a trade-off between
battery life and data reliability must be considered.

The final recommendations for future research relate to the
feature analysis method applied in this study. The study’s
analysis was based on a restricted set of features without
additional filtering to attenuate certain symptoms, providing
an analysis of patients’ overall symptom severity. Further
analysis will help determine if bradykinesia manifestations are
adequately represented in this data set. To achieve this, a larger
and more evenly distributed data set is required, after which
an extended feature analysis process can be implemented.
For the feature analysis, patients can be categorised into
three distinct groups based on their individual MDS-UPDRS
symptom scores. These groups can be categorised as follows:
patients who predominantly experience bradykinesia and rigid-
ity, patients with more pronounced tremors and dyskinesias,
and patients with mild overall symptom expressions. This
categorisation improves the assessment of the data set’s suit-
ability for detecting bradykinesia by separating the effects of
different symptoms. In addition, to test if there are significant
differences between different patient groups, more factors need
to be considered, including their medical history, age and
medication intake, and the date and time from which the
data is available. By conducting a more comprehensive feature
analysis, it becomes feasible to gain a better understanding of
the data, which can help enhance the interpretation of VAE
training results.

VI. CONCLUSION

In this study, a VAE model was trained using kinematic
smartwatch data obtained from PD patients in their natural en-
vironments. The model demonstrated efficacy in learning from
the frequency content of the smartwatch data. The study also
analysed PD features derived from kinematic data collected in
natural environments. It revealed differences between patient
groups with ’mild’ and ’severe’ PD symptoms, demonstrating
that this data contains valuable information about PD motor
symptoms. Based on the study’s findings, it can be concluded
that with the current data pre-processing steps and the current
data set, it is not possible to develop a bradykinesia detection
model using a VAE. However, the relevant information in the
data, as demonstrated by the feature analysis and the learning
capability of the VAE with frequency input data, indicates
that after additional data cleaning and pre-processing and a
more balanced data set, the VAE can further be trained. While
the study’s approach did not result in bradykinesia model
development, the necessary steps for utilising this data for
further analysis and as input for training the proposed VAE
model have been demonstrated, and thus, the groundwork has
been laid for the development of a bradykinesia detection
model using this data set.

.
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