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Identification of motor progression in Parkinson’s disease
using wearable sensors and machine learning
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Wearable devices offer the potential to track motor symptoms in neurological disorders. Kinematic data used together with

machine learning algorithms can accurately identify people living with movement disorders and the severity of their motor

symptoms. In this study we aimed to establish whether a combination of wearable sensor data and machine learning algorithms
with automatic feature selection can estimate the clinical rating scale and whether it is possible to monitor the motor symptom
progression longitudinally, for people with Parkinson’s Disease. Seventy-four patients visited the lab seven times at 3-month

intervals. Their walking (2-minutes) and postural sway (30-seconds,eyes-closed) were recorded using six Inertial Measurement Unit
sensors. Simple linear regression and Random Forest algorithms were utilised together with different routines of automatic feature
selection or factorisation, resulting in seven different machine learning algorithms to estimate the clinical rating scale (Movement
Disorder Society- Unified Parkinson’s Disease Rating Scale part lll; MDS-UPDRS-IIl). Twenty-nine features were found to significantly
progress with time at group level. The Random Forest model revealed the most accurate estimation of the MDS-UPDRS-IIl among
the seven models. The model estimations detected a statistically significant progression of the motor symptoms within 15 months
when compared to the first visit, whereas the MDS-UPDRS-IIl did not capture any change. Wearable sensors and machine learning
can track the motor symptom progression in people with PD better than the conventionally used clinical rating scales. The methods

described in this study can be utilised complimentary to the clinical rating scales to improve the diagnostic and prognostic

accuracy.
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INTRODUCTION

The progression of Parkinson’s disease (PD) is currently monitored
using clinical rating scales which are used to assess the cardinal
motor and non-motor symptoms. The current gold standard is the
Movement Disorder Society-Unified Parkinson’s Disease Rating
Scale (MDS-UPDRS)".

Accurate assessment with rating scales depends on the
clinician’s experience and interpretation may be complicated by
inter-rater disagreement®. Rating scale data are coarse-grained,
and on an ordinal rather than interval scale. Collectively, these
factors introduce variability and delay the confident detection of
progression; at the group level in clinical studies, they may restrict
the types of statistical analysis that can be performed. Objective
measures that are on a continuous interval scale would be highly
desirable both for the assessment of individual patients in clinical
practice and for measuring the efficacy of therapeutic interven-
tions in clinical trials.

In recent years, wearable sensors have emerged as a promising
tool for quantitative characterisation of motor status in PD>*, The
portability and affordability of wearable sensors make it possible
to assess the spatio-temporal features of walking and balance in
the laboratory or clinic, and remotely at the comfort of patients’
homes. The ultimate vision is to use these detailed and
personalised kinematic measurements to individualise disease
diagnostic and prognostic tools and measure the effectiveness of
treatment.

Most wearable devices used to monitor PD patients output
many objective numerical measures, leading to very large

datasets. Not all features extracted by these devices are mean-
ingful for clinical diagnosis and treatment. Analysis of high-
dimensionality datasets usually requires initial feature reduction
steps to avoid type 1 error while maintaining sensitivity. There is a
need for the development of analysis techniques to extract
clinically useful information from the high-dimensional data
generated by these wearable sensors®.

Machine learning (ML) algorithms have been applied to data
collected by wearable inertial measurement units (IMUs), which
are combinations of triaxial accelerometers, gyroscopes, and
magnetometers, often with multiple IMUs connected wirelessly
in a body-area network®”. ML algorithms may be trained with the
clinical rating scales used in PD diagnosis as labels, using the
movement features collected by IMUs when patients perform
standard clinical assessment tasks®®. Previous work from our lab
and others has demonstrated that the analysis of IMU data can
discriminate between healthy older adults, individuals with PD of
different disease severity, and individuals with other Parkinsonian-
like disorders, such as PSP'%-'3, Suitably-trained ML algorithms can
identify freezers'* and fallers', and detect signs of bradykinesia'®
among PD individuals cross sectionally. Further, gait features
extracted from the IMU data can be used prospectively to identify
older adults at risk of developing PD'”. Overall, these studies have
shown that the combination of wearable device data with ML
algorithms can duplicate clinical rating scales and discriminate
between different disorders and phenotypes. The current long-
itudinal study investigates the use of kinematic features collected
during walking and standing tasks to objectively track the
progression of PD motor symptoms over time.
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We have previously shown that kinematic features derived from
the data collected by wearable devices placed on the participant’s
trunk, wrists, and feet, together with machine learning algorithms
can be used to track the progression of Progressive Supranuclear
Palsy motor symptoms'8. The current study aims to extend this
knowledge, using walking and postural sway features derived
from data collected by six IMUs, to identify the earliest signal of
motor symptom progression in individuals with PD measured
every three months, over a period of 18 months. First, seven
different models based on ML algorithms with automatic feature
selection and/or factorisation were investigated to validate the
association of the wearable sensor-derived data with the MDS-
UPDRS-IIl scale. Second, we aimed to establish whether the
model-estimated scores could be used to track the progression of
the PD motor symptoms. The hypotheses that were put forward
were that a) the model-estimated scores based on wearable
sensor-derived motor features could mimic the MDS-UPDRS-III
score and b) the model-estimated scores would identify motor
symptom progression earlier than the MDS-UPDRS-IIl score.

RESULTS

IMU data were obtained from 91 Individuals with idiopathic PD
over a period of 18 months. Visits were scheduled at 3-month
intervals (thus a total of 7 planned visits including baseline, i.e., the
first visit). Participants were excluded if they missed more than 2
consecutive visits; this resulted in 74 going forward for further
analysis. Demographics and clinical data are presented in Table 1.

Table 1. Demographics of PD participants.

PD demographics (N = 74) at Visit 1 Mean (standard deviation)

Age 64.6 (7.8)
Sex (Male/Female) 42/32
Height (cm) 172 (9.6)
Weight (kg) 75.9 (12.5)
Time since diagnosis (months) 56 (49)
Side of Symptom onset (R/L) 32/42
Dominant side (R/ L/ Ambidextrous) 65/7/2
MDS-UPDRS part Ili 24.4 (12.0)
MoCA 26.9 (2.3)

Demographics, clinical characteristics at Visit 1 and cognitive scores of PD
patients. Mean values and standard deviation (in parenthesis). MDS-UPDRS
Movement Disorders Society Unified Parkinson’s Disease Rating Scale,
MoCA Montreal Cognitive Assessment.

Automatic feature selection

Out of the total of 122 measured features (a list of which can be
found in the Supplementary Table 1), the group means of 29
features were found to linearly increase or decrease significantly
(p < 0.05) over time at a group level (Supplementary Fig. 1). These
29 “progressing features” were analysed further. Seven different
regression analyses with automatic feature selection were
performed and their results compared.

- A multivariate linear regression (LR) model using the two
features with the most statistically significant progression over
time was developed to estimate the MDS-UPDRS-IIl scale as its
output (model 1). The features showing the most significant
progression of their group means over time were the
variabilities (in terms of standard deviation) of a) the terminal
double support, and b) the swing phase, for the contralateral
(to the side of motor symptom onset) lower limb.

- From the subset of the 29 progressing features, 6 were
identified (i.e., an extra 4 added to the two features of model
1). This was achieved using forward feature selection, with
early stopping (model 2). Model 2 was more accurate in
estimating the MDS-UPDRS-IIl score in at least 5 visits than
model 1.

- A Random Forest (RF) Regressor with all 29 progressing
features as its input (model 3) was also investigated.

- Principal Component Analysis (PCA) was applied to a) the
entire set of 122 features, and b) the subset of the 29
progressing features. This returned 31 and 10 factors,
respectively, accounting for 90% of the total variance (See
Supplementary Fig. 2). Again, both Linear Regression and
Random Forest regression were used to estimate the MDS-
UPDRS-III clinical rating scale, using the principal components
as independent variables. This resulted in 4 models: a) model 4
using LR with 10 factors, b) model 5 using RF with 10 factors, c)
model 6 using LR on 31 factors and d) model 7 using RF on 31
factors.

Table 2 shows the performance of each model used to estimate
the MDS-UPDRS-IIl rating scale as its output. Performance metrics
were calculated as the average Root Mean Square Error on the
validation set using 5-fold cross validation analysis. Model 3 (RF
regression to the progressing features) performed best with an
average RMSE of 10.02 (Table 2) and was used to quantify motor
symptom progression in all subsequent analyses.

To make sure that the model was able to estimate the clinical
score more accurately than an individual feature on its own, the
same cross-validation procedure was performed with a simple
linear regression using each feature in turn as an MDS-UPDRS-III
estimator. Figure 1 illustrates the estimation error (in terms of
average RMSE across the 5-fold cross validation iterations) for each
feature, Principal Component, and the RF (model 3). Among the 29
progressing features, stride length (RMSE; contralateral: 11.23,

Table 2. Model performance.
Set of features Dimensionality reduction Predictor RMSE (std)
Progressing features (29 features) Feature selection (2 features) IR (modell) 11.86 (0.67)
Feature selection (6 features) LR (model2) 11.17 (0.80)
All progressing (29 features) RF (model3) 10.02 (0.88)
PCA (10 factors) LR (modeld) 11.25 (0.68)
RF (modelb) 10.92 (0.65)
Original features (122 features) PCA (31 factors) LR (modelo6) 10.80 (0.91)
RF (model7) 10.32 (0.76)
The table shows the regression results when automatically selecting features.
RMSE Root Mean Square Error, std standard deviation.
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Radar plot of RMSE scores. The RMSE scores for each kinematic feature, principal component, and the model (Random Forest, model

3) estimations are shown. The Random Forest estimations estimated the MDS-UPDRS-IIl with the best accuracy.

ipsilateral: 11.33), foot strike angle (RMSE; contralateral: 11.44,
ipsilateral: 11.50) and the toe off angle (RMSE; ipsilateral: 11.30)

were found to be more important independent predictors of MDS-
UPDRS-III score.

Actual and model estimated UPDRS progression

Figure 2 shows the progression of the actual and the estimated
MDS-UPDRS-III scores and an aggregate score of the actual MDS-
UPDRS-II items that measure gait and posture functions (Gait,
Freezing of Gait, Posture, Postural Stability). The mean scores,
estimated by Model 3, demonstrated a monotonic increase from
visit 1 to visit 7, in contrast to the means of the total MDS-UPDRS-
Il values assigned by the expert clinicians. Repeated measures
analysis revealed that the model was able to provide an earlier
signal of disease progression when compared to the actual MDS-
UPDRS-II. A Friedman repeated measures test for related samples
demonstrated that there was a significant change across visits for
both the actual MDS-UPDRS-III values (x> = 28.83, p < 0.001), and
the RF-estimated values (x> = 15.59, p = 0.016). Pairwise compar-
isons, after adjusting the significance threshold for multiple
comparisons (Benjamini-Hochberg with 1% False Discovery Rate)
showed that the actual MDS-UPDRS-IIl score did not increase at
any visit when compared to baseline (Visit 1). In contrast, the RF-
estimated MDS-UPDRS-IIl score was increased at V6 (p <0.001)
and V7 (p < 0.001) with respect to baseline. The group-median RF-
estimations demonstrated a rate of change of 0.33 points per Visit
(i.e., per 3 months).

The Gait and Posture items aggregate score progressed
significantly but this progression was not purely monotonic,
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rather the score increased at V5 (p=0.001) and V7 (p <0.001)
compared to the baseline but V6 was not significant. We further
calculated the interquartile range (difference between the 25th
and 75th percentile) for each visit for the clinical rating scale and
the model estimations. The results emphasised that the MDS-
UPDRS-IIl data are more variable compared to the RF estimations
(MDS-UPDRS-IIl  interquartile  range per visitt V1 =14.75,
V2=13.75, V3 =16.75, V4 =14.5, V5 =16.5, V6 = 15, V7 = 22.75;
RF estimations: V1=7.14, V2=6.29, V3=798, V4=5.80,
V5=28.37, V6 =9.69, V7 = 7.68).

DISCUSSION

This study demonstrates a novel and objective method to quantify
motor symptom progression in PD using a combination of
wearable sensor data and ML algorithms. We applied automatic
feature selection processes to the sensor data to cope with the
plethora of measured kinematic features. The model that
estimated the MDS-UPDRS-IIl score with the lowest RMSE (model
3) was then adopted to process the longitudinal sensor data from
sequential visits. Results showed that the model was able to
identify the worsening of PD motor symptoms over time from
those data, unlike the actual MDS-UPDRS-IIl scores themselves.
The ability of ML methods to learn patterns from kinematic data
and estimate disease severity has also been shown in previous
studies in parkinsonian disorders'’~%°, In our study, the RF
regressor (model 3) resulted in the lowest root mean square error
(RMSE = 10.02) across the five cross-validation iterations, when
compared to the other models (see Table 2) and all individual
features (see Fig. 1). Random Forest regressors are able to account
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Fig. 2 Progression of the clinical and model estimated scores. Boxplots illustrate the progression of the gait and posture items (left), the
actual MDS-UPDRS-III (middle) and RF-estimated (right) MDS-UPDRS-IIl scores. Asterisks denote the significant adjusted pairwise comparisons

to baseline.

for the collinearities that exist in high-dimensional sensor datasets
and have previously shown excellent discriminatory performance
in similar situations'"'221,

The primary aim of this study was to develop a method to track
the progression of walking and postural sway kinematic features
over time. Model 3 identified motor symptom progression as early
as 15 months after baseline, while the clinical rating scale did not
capture these signs of progression by the end of the period
studied (see Fig. 2). Further, a computed sum of the gait and
posture sub-items of the MDS-UPDRS revealed a progression
which did not demonstrate monotonicity across visits. The better
performance of the RF model to track the progression of the
motor symptoms can be explained by the reduced variability of
the modelled data, compared to the MDS-UPDRS-IIl. This was
evidenced by the variability of the model estimations that was less
than half of the variability manifested by the MDS-UPDRS-II at all
visits (in terms of inter-quartile range). Effectively, the model
output (i.e., estimated MDS-UPDRS-IIl score) increases monotoni-
cally from one visit to the next, whereas the actual MDS-UPDRS-III
scores demonstrate visit-to-visit fluctuations and hence no clear
evidence of progression of motor symptoms emerges. By
decreasing the noise, the model results seem promising for the
identification of an earlier motor progression signal in PD. The
integration of wearable sensors, clinical rating scales and machine
learning presents a promising method to assess the effectiveness
of therapeutic interventions that target motor symptoms in PD.

The results of the current study also highlight the individual
features that contribute most to an accurate estimate of the MDS-
UPDRS-lll-score: the angle of the foot at foot strike and toe off, and
the stride length. Stride length has been previously reported to be
a reduced in people with PD compared to healthy controls?2. The
foot strike angle measures the pitch angle of the foot at the point
of initial contact with the ground, with smaller values indicating
that the foot reaches the floor at a flatter angle. Importantly, foot
strike angle decreases from one visit to the next (see Supplemen-
tary Fig. 1) suggesting that the foot pitch angle decreases as a
function of disease duration, rendering patients increasingly prone
to trips and falls?3. A lower foot strike angle has been shown to be
a discriminative characteristic of PD?** and a marker of disease
severity'.

Out of the 29 features that showed statistically significant
progression across visits, 19 reflect walking variability (measured
in terms of standard deviation in this study; see Supplementary
Fig. 1). Step to step variability has been previously shown to scale
with disease severity in PD?*> while Deep Brain Stimulation can
reduce it*®. Furthermore, step to step variability is also an
important predictor of falls'>. Despite their significant progression
across visits variability measures were not found to correlate well
with the MDS-UPRDS-III score (Fig. 1). This means that although
walking variability may be an important feature to identify motor
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symptom progression in PD, it may not be routinely captured
during clinical examination and without the help of digital
technology. From the list of postural sway features, the
mediolateral sway velocity (coronal plane) was the single postural
feature that progressed significantly across visits and was there-
fore included in the model as an independent predictor. More-
over, mediolateral sway velocity has been previously shown to be
an important biomarker of falls in PD?’.

Kinematic features collected by wearable devices and analysed
using a well-known Machine Learning algorithm can provide early
signs of PD motor symptom progression, enabling the assessment
of the effectiveness of medical treatment. We propose the
methodology presented in this study as a complementary tool
for assessment of PD patients in the clinic.

METHODS

91 Individuals with PD were recruited through the Oxford
Quantification in Parkinsonism (OxQUIP) study, conducted at the
John Radcliffe Hospital, Oxford, UK. The study was approved by a
research ethics committee and the Health Research Authority (REC
16/SW/0262). All participants were informed about the study’s
aims and protocols, and gave their informed written consent to
participate in the study. Participants were included if they a) were
diagnosed with Parkinson’s Disease, b) received anti-parkinsonian
medication, ¢) had no major musculo-skeletal problems that
precluded them from walking or standing and d) could walk and
stand unassisted during the clinical tests. All participants were
asked to visit the lab once every three months over a period of
18 months, completing a total of 7 visits. Participants were also
tested using the Montreal Cognitive Assessment (MoCA) test
when entering the study, to ensure that they were not demented
(MoCA > 24) at the time of giving their consent. All patients were
receiving antiparkinsonian medication at the time of their first visit
to the lab and continued receiving their medication up to the end
of the study.

Apparatus and task

Participants were rated using the MDS-UPDRS-III score (motor part
of the overall MDS-UPDRS score). They were subsequently asked
to perform two movement tasks, to assess walking and postural
sway. The walking task lasted for 2 minutes and was performed on
a straight level surface, in a 15-metre-long corridor, making turns
when necessary. To measure postural sway, the participants were
instructed to stand still for 30 seconds with their eyes closed. A
footplate was initially placed between each participant’s feet to
ensure standardised inter-foot distance across participants and
removed immediately before starting the data collection for each
task. An experienced clinical researcher was standing or walking
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Fig. 3 Experimental setup. a Schematic diagram illustrating the participant selection process. b Illustration of the 6 IMU sensor placement

(Image created with BioRender.com). IMU Inertial Measurement Unit.

on the participant’s side for safety reasons, and to ensure eye
closure during the postural sway task.

For both movement tasks, an array of 6 IMU sensors (OpalTM,
APDM, Portland, Oregon, USA) was used to collect the kinematic
data. The sensors were placed on both wrists and feet, the
sternum, and the lumbar region. Each sensor provides triaxial
accelerometer, gyroscope and magnetometer data at a sampling
frequency of 128 Hz.

Data analysis
All analyses were performed using custom software written in
Python (v3.8).

Several participants dropped out during the study or missed
one or more visits. Participants with more than two consecutive
missed visits were excluded. If a participant missed only one or
two visits, imputation was performed using linear interpolation,
i.e, data were imputed considering the feature values for the
same participant at the previous and the next available visit. This
resulted in a total number of 74 participants being included in the
analysis. Figure 3 schematically illustrates the participant inclusion
criteria for the study.

Pre-processing

From the MDS-UPDRS-IIl score, items 3.1 and 3.2 (measuring
Speech and Facial expression, respectively) were omitted because
these functions are less related to walking and swaying. The total
MDS-UPDRS-IIl was calculated as the sum of the values of all other
items. Furthermore, an aggregate score of the posture and
walking features was calculated, as the sum of the following items:
3.10 “Gait”, 3.11 “Freezing of Gait”, 3.12 “Postural Stability” and
3.13 “Posture”.

The MobilityLab software extracted 122 kinematic features for
both walking and postural sway tasks. As a first step in pre-
processing, stride length features (mean and variability) were
normalised by the participant’s height, expressed in metres.
Additionally, the right and left limb-specific features were
relabelled Ipsilateral and Contralateral, depending on the partici-
pants’ self-reported side of symptom onset. Ipsilateral refers to the
side which developed symptoms first.

Dimensionality reduction and feature selection

The high dimensionality of kinematic features and the collinearities in
the dataset (Fig. 4), necessitated a feature selection step. As a first
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step of the dataset dimensionality reduction, the 122 feature values
were averaged across participants for each visit. The features for
which the group means were found to linearly increase or decrease
significantly (Linear Regression p < 0.05) across the seven visits were
considered to be “progressing features”. 29 progressing features
were stored for further analysis.

Different automatic feature selection strategies and models
were subsequently investigated in order to select the combination
that performed best, based on the Root Mean Square Error (RMSE)
derived by cross-validation analysis. Figure 5 illustrates the steps
of dimensionality reduction.

First, the two most significant features shown to progress with
time (i.e., regress linearly across visits) based on the group average
were used to estimate the MDS-UPDRS-IIl score, using a multi-
variate linear regression.

Second, a forward feature selection with early stopping was
used as described in our previous study'®. Briefly, the dataset was
split into a training set composed of the wearable sensor data
acquired in 6 out of the 7 visits, and a validation set corresponding
to the data acquired during the remaining visit. This meant that
there were 7 training datasets (consisting of data acquired in 6 out
of 7 visits) and 7 corresponding validation datasets (consisting of
the data acquired during the remaining visit in each case). For
each of the 7 iterations, a simple linear regression algorithm was
used to select those features that gave the most accurate
estimation of the MDS-UPDRS-IIl score. Each of the 7 models
was initialised with the single feature which had previously shown
the best progression across visits (lowest p-value: the terminal
double support of the contralateral limb (% of gait cycle time). The
algorithm then iterated through the list of the remaining
progressing features and added the one that reduced the RMSE
by the greatest amount. This process was repeated 7 times, until
all visits served as a validation set once. Effectively, this step
provided a list of features to estimate the MDS-UPDRS-IIl for each
visit. The features that were present in at least 5 of the 7 visits
were stored as important features to be used in model validation.

Third, Principal Component Analysis (PCA) was introduced as a
procedure to reduce the dimensionality of the original datasets
using fewer uncorrelated factors, called principal components.
PCA was applied both to the entire set of 122 features, and on the
29 progressing features, resulting in two sets of principal
components. We selected the number of principal components
that explained 90% of the total variance of each dataset.

Finally, as a part of a Random Forest Regressor the relative
importance of the features is determined based on the amount of

npj Parkinson’s Disease (2023) 142
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Fig. 4 Correlation heatmap. The correlations among the 29 features and the MDS-UPDRS-IIl found to linearly increase or decrease
significantly (p < 0.05) over time are shown. Blue and red coloured cells illustrate negative and positive correlation respectively.
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Fig. 5 Feature selection and analysis pipeline. Different feature
selection, factorisation and modelling strategies were investigated
resulting in 7 different models. The model that estimated MDS-
UPDRS-IIl more accurately (with the smallest RMSE) was selected for
further analysis.
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impurity (in terms of squared error) reduction in each decision
tree. This is then averaged across the ensemble decision trees to
determine the eventual features importance. The entire set of 29
progressing features was used and no further selection process
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performed prior to RF regression because this algorithm is known
to deal well with high-dimensionality datasets and collinearities
among the features.

Cross validation

A five-fold repeated cross-validation process was used to evaluate
each model and select the one that most accurately estimated the
MDS-UPDRS-IIl values. The entire dataset (74 participants, 7 visits)
was randomly split into 5 subsets. Four subsets (80% of the data)
were subsequently used as the training set, while the remaining
subset (20%) served as the validation set. This process was
repeated 5 times, and so all sub-sets were each used as part of the
training and the validation set once. The model that performed
best in estimating MDS-UPDRS-IIl scores (model 3) was selected to
analyse the dataset longitudinally.

Statistics

The normality of distribution was tested using the Shapiro-Wilks
test and the model-estimated MDS-UPDRS-IIl score was found to
be non-normally distributed at most visits (Shapiro-Wilks for MDS-
UPDRS-lIl: V1 =0.067, V2=0.021, V3=0.036, V4=0.818,
V5=0.184, V6 =0.005, V7 =0.013; Shapiro-Wilks for RF model
estimations: V1=0.015, V2=0.008, V3=0.769, V4=0.001,
V5 =0.142, V6 = 0.008, V7 = 0.003). The inter-quartile range was
calculated for each visit as means to estimate the noise for both
MDS-UPDRS-IIl and the model estimations. A Friedman test for
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related samples was therefore used to address whether the
model-estimated MDS-UPDRS-IIl values exhibited progression
across visits. Pairwise comparisons were further assessed between
each visit and the baseline (i.e., visit 1), using the Wilcoxon signed
rank test. A Benjamin-Hochberg correction for multiple compar-
isons was applied using a 1% False Discovery Rate (FDR).

Reporting summary

Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

DATA AVAILABILITY

Original data presented in this paper, is from the ongoing OxQUIP study and cannot
be shared until completion of the whole study and full dissemination of results. This
is expected to become possible within 24 months from the end of the study.
Qualified researchers will be able to contact the Principal Investigator at the
University of Oxford.

CODE AVAILABILITY

The underlying code for this study [and training/validation datasets] is not publicly
available but may be made available to qualified researchers on reasonable request
from the corresponding author.

Received: 2 February 2023; Accepted: 20 September 2023;
Published online: 07 October 2023

REFERENCES

1. Goetz, C. G. et al. Movement Disorder Society-sponsored revision of the Unified
Parkinson’s Disease Rating Scale (MDS-UPDRS): Process, format, and clinimetric
testing plan. Mov. Disord. 22, 41-47 (2007).

. Post, B, Merkus, M. P., de Bie, R. M., de Haan, R. J. & Speelman, J. D. Unified
Parkinson’s disease rating scale motor examination: are ratings of nurses, resi-
dents in neurology, and movement disorders specialists interchangeable? Mov.
Disord. 20, 1577-1584 (2005).

. FitzGerald, J. J., Lu, Z., Jareonsettasin, P. & Antoniades, C. A. Quantifying Motor
Impairment in Movement Disorders. Front. Neurosci. 12, 202 (2018).

4. Espay, A. J. et al. Technology in Parkinson’s disease: challenges and opportunities.
Mov. Disord. 31, 1272-1282 (2016).

. Brzezicki, M. A, Conway, N, Sotirakis, C., FitzGerald, J. J. & Antoniades, C. A.
Antiparkinsonian medication masks motor signal progression in de novo
patients. Heliyon 9, e16415 (2023).

. Eskofier, B. M. et al. Recent machine learning advancements in sensor-based
mobility analysis: Deep learning for Parkinson’s disease assessment. Annu Int
Conf. IEEE Eng. Med Biol. Soc. 2016, 655-658 (2016).

. Godi, M., Arcolin, 1., Giardini, M., Corna, S. & Schieppati, M. A pathophysiological
model of gait captures the details of the impairment of pace/rhythm, variability
and asymmetry in Parkinsonian patients at distinct stages of the disease. Sci. Rep.
11, 21143 (2021).

. Rehman, R, Rochester, L., Yarnall, A. J. & Del Din, S. Predicting the Progression of
Parkinson’s Disease MDS-UPDRS-IIl Motor Severity Score from Gait Data using
Deep Learning. Annu Int Conf. IEEE Eng. Med Biol. Soc. 2021, 249-252 (2021).

. Rodriguez-Molinero, A. et al. A Kinematic Sensor and Algorithm to Detect Motor
Fluctuations in Parkinson Disease: Validation Study Under Real Conditions of Use.
JMIR Rehabil. Assist Technol. 5, e8 (2018).

10. Shah, V.V. et al. Digital Biomarkers of Mobility in Parkinson’s Disease During Daily

Living. J. Parkinsons Dis. 10, 1099-1111 (2020).

11. Hasegawa, N. et al. How to Select Balance Measures Sensitive to Parkinson'’s
Disease from Body-Worn Inertial Sensors-Separating the Trees from the Forest.
Sensors 19, https://doi.org/10.3390/519153320 (2019).

12. De Vos, M., Prince, J., Buchanan, T, FitzGerald, J. J. & Antoniades, C. A. Dis-
criminating progressive supranuclear palsy from Parkinson’s disease using
wearable technology and machine learning. Gait Posture 77, 257-263 (2020).

13. Dewey, D. C. et al. Automated gait and balance parameters diagnose and cor-
relate with severity in Parkinson disease. J. Neurol. Sci. 345, 131-138 (2014).

14. Mancini, M., Weiss, A, Herman, T. & Hausdorff, J. M. Turn around freezing:
community-living turning behavior in people with Parkinson’s disease. Front.
Neurol. 9, 18 (2018).

N

w

wv

o

~N

oo

el

Published in partnership with the Parkinson’s Foundation

C. Sotirakis et al.

npj

15. Weiss, A, Herman, T., Giladi, N. & Hausdorff, J. M. Objective assessment of fall risk
in Parkinson’s disease using a body-fixed sensor worn for 3 days. PLoS One 9,
€96675 (2014).

16. Lonini, L. et al. Wearable sensors for Parkinson’s disease: which data are worth
collecting for training symptom detection models. NPJ Digit Med. 1, 64 (2018).

17. Del Din, S. et al. Gait analysis with wearables predicts conversion to parkinson
disease. Ann. Neurol. 86, 357-367 (2019).

18. Sotirakis, C. et al. Longitudinal Monitoring of Progressive Supranuclear Palsy
using Body-Worn Movement Sensors. Mov. Disord. 37, 2263-2271 (2022).

19. Di Lazzaro, G. et al. Technology-based therapy-response and prognostic bio-
markers in a prospective study of a de novo Parkinson’s disease cohort. NPJ
Parkinsons Dis. 7, 82 (2021).

20. Ferreira, M., Barbieri, F. A, Moreno, V. C, Penedo, T. & Tavares, J. Machine learning
models for Parkinson’s disease detection and stage classification based on
spatial-temporal gait parameters. Gait Posture 98, 49-55 (2022).

21. Wahid, F, Begg, R. K, Hass, C. J,, Halgamuge, S. & Ackland, D. C. Classification of
Parkinson’s disease gait using spatial-temporal gait features. IEEE J. Biomed.
Health Inf. 19, 1794-1802 (2015).

22. Ferreira, F. et al. Gait stride-to-stride variability and foot clearance pattern analysis
in Idiopathic Parkinson’s Disease and Vascular Parkinsonism. J. Biomech. 92,
98-104 (2019).

23. Arpan, |. et al. Fall prediction based on instrumented measures of gait and
turning in daily life in people with multiple sclerosis. Sensors 22, https://doi.org/
10.3390/522165940 (2022).

24. Shah, V. V. et al. Quantity and quality of gait and turning in people with multiple
sclerosis, Parkinson’s disease and matched controls during daily living. J. Neurol.
267, 1188-1196 (2020).

25. Hausdorff, J. M,, Cudkowicz, M. E,, Firtion, R, Wei, J. Y. & Goldberger, A. L. Gait
variability and basal ganglia disorders: stride-to-stride variations of gait cycle timing
in Parkinson’s disease and Huntington’s disease. Mov. Disord. 13, 428-437 (1998).

26. Su, Z. H. et al. Deep Brain Stimulation and Levodopa Affect Gait Variability in
Parkinson Disease Differently. ~Neuromodulation https://doi.org/10.1016/
j.neurom.2022.04.035 (2022).

27. Gervasoni, E. et al. Clinical and stabilometric measures predicting falls in Par-
kinson disease/parkinsonisms. Acta Neurol. Scand. 132, 235-241 (2015).

ACKNOWLEDGEMENTS

JJ.F. and CA.A. were supported by the National Institute for Health Research Oxford
Biomedical Research Centre. JJ.F. has received consulting fees from Abbott and
Medtronic, unrelated to this study. JJ.F. and C.A.A. have received research grant
support from UCB Pharma and MSD Laboratories. We thank the participants and their
families for their endless support with our research work.

AUTHOR CONTRIBUTIONS

C.S.: statistical analysis: design, execution, review and critique; manuscript: writing of
the first draft, review and critique. Z.S.,, M.B.: research project: execution; statistical
analysis: review and critique; manuscript: review and critique. N.C., L.T.: statistical
analysis: review and critique; manuscript: review and critique. J.F., CA.: research
project: conception, organization, execution; statistical analysis: design, execution,
review and critique; manuscript: writing of the first draft, review and critique.

COMPETING INTERESTS

Other authors report no conflicts of interest. L.T. has no financial disclosures or
conflicts of interest related to the research in this article. He was a Director of Sensyne
Health until June 2022. He is a Director of Oxehealth Ltd, in which he has a minor
shareholding.

ADDITIONAL INFORMATION

Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/541531-023-00581-2.

Correspondence and requests for materials should be addressed to Chrystalina A.
Antoniades.

Reprints and permission information is available at http://www.nature.com/
reprints

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

npj Parkinson’s Disease (2023) 142


https://doi.org/10.3390/s19153320
https://doi.org/10.3390/s22165940
https://doi.org/10.3390/s22165940
https://doi.org/10.1016/j.neurom.2022.04.035
https://doi.org/10.1016/j.neurom.2022.04.035
https://doi.org/10.1038/s41531-023-00581-2
http://www.nature.com/reprints
http://www.nature.com/reprints

npj C. Sotirakis et al.

8

Open Access This article is licensed under a Creative Commons

BY Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://
creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

npj Parkinson’s Disease (2023) 142

Published in partnership with the Parkinson’s Foundation


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Identification of motor progression in Parkinson&#x02019;s disease using wearable sensors and machine learning
	Introduction
	Results
	Automatic feature selection
	Actual and model estimated UPDRS progression

	Discussion
	Methods
	Apparatus and task
	Data analysis
	Pre-processing
	Dimensionality reduction and feature selection
	Cross validation
	Statistics
	Reporting summary

	DATA AVAILABILITY
	References
	Acknowledgements
	Author contributions
	Competing interests
	ADDITIONAL INFORMATION




