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Clinical assessments for Parkinson’s disease depend on clinician-administered scales, which have 
limitations in sensitivity and real-world applicability. Wearable inertial sensors offer a promising 
approach for objective and continuous monitoring of PD motor symptoms. This study aimed to 
evaluate the feasibility and accuracy of a magneto-inertial wearable device in detecting key PD motor 
manifestations—tremor, akinesia, and dyskinesia—on an individual movement basis. Ten PD patients 
undergoing pre-surgical evaluation for deep brain stimulation were included in a pilot multicentric 
study. Participants performed a Levodopa challenge test while wearing an inertial measurement unit 
on the most affected wrist and ankle. MDS-UPDRS Part III and video recordings were obtained to 
compare sensor performance to expert evaluations. Algorithms analyzed acceleration and angular 
velocity data to detect tremor, akinesia and dyskinesia. The sensor demonstrated high sensitivity 
(100%) and specificity (≥ 93%) for tremor and akinesia detection, with an overall accuracy exceeding 
94%. Performance metrics were less promising for dyskinesia detection. Levodopa significantly 
reduced tremor (p = 0.0247) and increased dyskinesia (p = 0.0169), confirming sensor responsiveness 
to pharmacological effects. Magneto-inertial wearable device showed promising accuracy for the 
objective assessment of PD motor symptoms in a controlled environment. These findings support 
further validation in real-life conditions.
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Parkinson’s disease (PD) is a chronic neurodegenerative disease primarily affecting dopaminergic neurons of 
the Substantia nigra pars compacta. It is the second most common neurodegenerative disease after Alzheimer’s 
disease1. Clinically, PD is defined by bradykinesia combined with either rest tremor or rigidity2. Diagnosis 
remains challenging, especially at an early stage, as no definitive biomarkers exist3. A good and sustained 
response to Levodopa (L-Dopa) may help support the diagnosis4.

Current treatments aim to compensate for dopamine loss using L-Dopa or dopamine receptor agonists5. 
However, none of these drugs prevent neuronal degeneration and disease progression. As the disease progresses, 
patients ineluctably develop L-Dopa-induced motor complications, such as motor fluctuation and dyskinesia 
partly linked to the iterative administration of L-Dopa and its pulsatile effects on dopaminergic receptors6.

Clinical assessment of PD typically relies on scales such as the Movement Disorder Society-Unified Parkinson’s 
Disease Rating Scale (MDS-UPDRS)7. However, these assessments have psychometric limitations, including 
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lack of inter-rater reliability8, poor sensitivity to subtle changes, particularly in early stages9, and dependence on 
hospital-based, episodic evaluations that fail to capture daily fluctuations6.

With recent advances in the therapeutic field, an increasing number of promising trials are emerging for 
PD10. As therapeutic decisions and drug development rely on accurate, objective, and representative evaluations 
of patient’s condition, the ability to continuously monitor a patient’s activity and symptoms remains a significant 
challenge.

The emergence of wearable sensor technology offers new opportunities for continuous, objective symptom 
monitoring11. Accelerometers, gyroscopes, and their combination, known as inertial measurement units (IMUs), 
are the most widely used wearable sensors for assessing symptoms and motor complications in neurological 
diseases12. They have already been used for various purpose in the neurological field13,14. Objective measurement 
of various PD motor manifestations, including gait impairments, bradykinesia, tremors, dyskinesia and motor 
fluctuations, outside clinical settings using wearable inertial devices has proven feasible, achieving accuracies 
exceeding 90%13. In recent year, the use of wearable sensors to objectively measure PD motor manifestations 
has known a growing interest, as highlighted in recent comprehensive reviews15. Some studies have focused 
on postural and gait disturbances, while others investigated PD symptoms and their fluctuations aiming to 
detect bradykinesia, tremor, dyskinesia, and ON/OFF state episodes in real-life conditions13. Only few devices 
have shown their ability to assess all aspects of the disease16. Machine learning approach for identifying PD 
motor manifestations17 has shown remarkable potential in detecting patients with prodromal PD18. While this 
could be a valuable tool for selecting participants in clinical trials for neuroprotective treatments, it remains 
uncertain if these models could be generalized outside the studied population, raising concerns about their 
clinical applicability. Additionally, most existing devices and algorithms have yet to prove their efficiency in real-
life conditions17, likely due to the lack of validated reference outcome for comparison.

Recently, the European Medicines Agency (EMA) qualified the Stride Velocity 95th Centile (SV95C) as an 
appropriate primary endpoint for clinical trial in Duchenne Muscular Dystrophy (DMD)19. This regulatory 
qualification highlights the potential of wearable-based digital measures in clinical research. The underlying 
magneto-inertial technology supports an increase of statistical power for clinical trials not only for DMD19, 
but also for Spinal Muscular Atrophy20 and Facio-scapulo-humeral dystrophy21. While these neuromuscular 
diseases share characteristics such as muscle weakness, they do not involve movement disorders.

The aim of this study was to evaluate whether movement reconstruction using a wearable inertial device can 
accurately identify key PD motor manifestations, including tremor, akinesia, and dyskinesia, on an individual 
movement basis. This work is a first step toward real-world detection of PD motor symptoms, this study lays the 
foundation for future research on continuous, real-life symptom monitoring.

Results
Study population
Baseline demographic and clinical characteristics of the study population are presented in Table 1. A total of 
10 PD patients were included. All patients were treated with L-Dopa with a median LEDD of 1139.3 mg/day. 
All patients reported dyskinesia at inclusion. Among them 90% reported peak dose dyskinesia. No participants 
reported any adverse event related to the study.

Demographic characteristics

Sample size 10

Gender : number of female (%) 4 (40)

Age at inclusion (years) 55.2 ± 9.8 [40–69]

Disease Duration (years) 10.7 ± 3.66–16

Treatment

Number of intake/day 5.2 ± 1.42–7

L-Dopa equivalent dose* (mg) 1302.3 ± 295.0 [850–1722.5]

Clinical characteristics

MDS-UPDRS

Total score (/260) 60 ± 15.9 [42–90]

Part 1 (/52) 12.3 ± 4.87–21

Part 2 (/52) 14.5 ± 3.910–24

Part 3 (/132) 23.8 ± 11.7 [7–43]

Part 4 (/24) 9.4 ± 3.42–14

RDRS score

Total score 1.3 ± 1.1 [0–3]

Table 1.  Demographic and clinical characteristics of participants. Data are expressed in mean ± SD [Min–
Max]. *Calculated as described by Schade et al.32Abbreviations: MDS-UPDRS = Movement Disorder Society—
Unified Parkison’s Disease Rating Scale; RDRS = Rush Dyskinesia Rating Scale; SD = Standard Deviation.
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Sensor algorithm performance
During the LCT, the algorithm of PD motor manifestations detection by the sensor showed an overall good 
result. The sensor detects an improvement of PD motor manifestations during the L-Dopa test as shown by the 
reduction of tremor and akinesia after L-Dopa administration. Precision, sensitivity, specificity and accuracy are 
shown in Table 2. The performance of the algorithm for the detection of PD motor manifestations is illustrated 
in Fig. 1B.

L-Dopa challenge test (LCT) results
L-Dopa test was positive in all 10 patients with PD. Mean MDS-UPDRS motor scores were 48.7 ± 11.5 in OFF 
state and 37.7 ± 14.1, 25.7 ± 5.5, 18.6 ± 5.0 and 18.4 ± 5.5 at 15, 30, 60 and 90  min after acute L-Dopa intake, 
respectively. After 90 min, a 62.1 ± 18.7% (− 30 points) mean reduction in MDS-UPDRS motor score has been 
achieved. The evolution of PD motor manifestations detected by sensors using 15-min windows is shown 
for each patient in Fig. 1A. Based on the Mann–Whitney U test results, we observed a significant difference 
between the proportion of time with dyskinesia (p = 0.0169) and tremor recorded at the wrist (p = 0.0247) before 
(15 min before) and after (between 45 and 60 min after) L-Dopa intake, but no significant difference for the 
tremor recorded at the ankle (p = 0.5415) and akinesia recorded at wrist and ankle (p = 0.3173 and p = 0.0798, 
respectively). Figure 1. Sensor detection during LCT for each PD motor manifestation for all patients per 15-min 
windows (A). Sensor performance during LCT for each PD motor manifestation for all patients (B). In green, 
sensor detection of events and in orange the false negatives. The intake of L-Dopa is marked with a dotted black 
line.

Discussion
Our pilot study suggested that a magneto-inertial wearable sensor could accurately detect akinesia, tremor and 
dyskinesia; the main parkinsonian symptoms observed in PD patients. Recent technological advances have 
made continuous monitoring of neurological manifestations possible, with growing interest in wearable devices 
for real-life data collection22. The COVID-19 pandemic has further highlighted the need for reliable, validated 
tools to assess patients remotely, both in clinical trials and routine practice.

Previous studies have suggested that remote monitoring can help identify patients who may be candidates for 
advanced therapies18 or improved management of PD23. However, these data were often based on global indices 
derived from spectral analysis of movement. Our results demonstrate that individual movements associated 
with PD can be accurately identified in a controlled environment using a magneto-inertial device. The lower 
agreement with physicians observed for dyskinesia reflects the challenge of distinguishing these movements 
from normal ones with similar trajectories.

Importantly, our algorithms were validated against a set of synchronized videos independently and blindly 
analyzed by two neurologists, providing for each symptom negative and positive predictive values. While video-
based validation has been applied for freezing of gait24 and balance assessment25, it has not yet been applied to 
the detection of individual PD movements. This constitutes the key novelty of our study and provides a crucial 
methodological foundation for future large-scale validation efforts.

These preliminary findings provide a strong rationale for further investigations in a larger and more 
diverse population, particularly in unsupervised settings where symptom monitoring can more reflect real-life 
conditions. To assess the clinical relevance of wearable-based symptom detection, future studies should establish 
a robust reference for symptom occurrence, as traditional symptom diaries remain unreliable due to subjective 
reporting and recall bias26. A key challenge will be identifying an objective and accurate “ground truth”  for 
symptoms, possibly through a combination of clinician assessments and real-time patient feedback. Expanding 
data collection to a longitudinal, real-world framework will also allow better tracking of symptom fluctuations, 
disease progression, and treatment responses over time, refining algorithms and improving their accuracy.

Our algorithms were designed using a standard methodology based on movement disorder and PD 
knowledge rather than machine learning. While simple algorithms effectively detect clear manifestations such 
as tremor, they are less reliable for complex movements like dyskinesia. Distinguishing akinesia from inactivity 
in real life is also expected to be challenging. A machine learning approach could improve accuracy but would 
require extensive data collection27. The main drawback of such an approach is the lack of interpretability for 
clinicians.

Dyskinesia Wrist tremor Ankle tremor Wirst akinesia Ankle akinesia

True positive (%) 2.9 19.0 11.0 3.2 17.0

True negative (%) 93.0 78.0 83.0 97 78.0

False positive (%) 1.5 3.0 5.8 0.0 4.8

False negative (%) 2.2 0.0 0.0 0.0 0.0

Precision (%) 65.9 86.4 65.5 100.0 77.9

Sensitivity (%) 56.9 100.0 100.0 100.0 100.0

Specificity (%) 98.4 96.3 93.5 100.0 94.2

Accuracy (%) 96.3 97.0 94.2 100.0 95.2

Table 2.  Precision, Sensitivity, Specificity, Accuracy of the wearable inertial device or detection of each PD 
symptom.
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Despite these promising results, certain limitations exist at this stage. This study was primarily designed as 
a proof of concept in a controlled setting, and participants were DBS candidates with a complex PD phenotype, 
including L-Dopa-induced motor complications. This selection bias may have complicated the distinction 
between different motor events. In addition, the size of the studied population was very small and highly 
selected, which limits the generalizability of our findings. Moreover, as the algorithms were initially developed 
and tested on a prior unpublished cohort of PD patients and subsequently refined during the present study, 
there is a potential risk of an overestimation of algorithm accuracy. Furthermore, the current algorithm for 
dyskinesia detection could not capture episodes occurring simultaneously with walking or tremor due to 

Fig. 1.  Flow chart and method for specific Parkinson’s disease events detection. Abbreviations: MDS-
UPDRS = Movement Disorder Society—Unified Parkison’s Disease Rating Scale; LCT = L-Dopa challenge test; 
RDRS = Rush Dyskinesia Rating Scale; IMU = inertial measurement unit.
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technical limitations. We acknowledge that this may lead to underestimation of dyskinesia, particularly during 
walking, and that further engineering work will be required to address this limitation.

Consequently, the results should be interpreted with caution and viewed as exploratory and hypothesis-
generating, warranting validation in larger and more diverse cohorts to ensure external validity and 
reproducibility. The next step will also be to assess PD motor manifestations in real-life conditions, the ultimate 
goal of continuous digital assessment. Future studies should refine algorithms for detecting dyskinesia and 
akinesia. Since the device used here has already been well-validated for gait impairment detection in DMD19,28 
including comparison with controls and is currently being validated in other neurological disorders21,29,30, future 
research should aim to integrate gait and Parkinson’s disease symptom assessment in real-life environments.

Beyond methodological considerations, regulatory qualification remains a critical challenge. Except for the 
Parkinson’s Kinetigraph, which received FDA clearance in September 2016, wearable devices and the variables 
they generate lack qualification from regulatory bodies such as the EMA and FDA. Despite the promise of 
wearable devices for remote monitoring, technical issues, poorly validated outcome measures and regulatory 
limitations remain significant barriers. A few years ago, the Movement Disorder Society Task Force on 
technology published concrete steps to facilitate adoption of mobile health technologies in clinical practice31. 
The recent qualification of a digital outcome, the SV95C, in Duchenne Muscular Dystrophy and its use as a 
primary endpoint in several pivotal trials open the perspective of further qualification of digital outcome, and 
Parkinson’s disease is certainly an area of considerable unmet need.

Achieving regulatory qualification will require large, prospective, multi-sites real-world studies to establish 
usability, validity, reliability, clinical meaningfulness and sensitivity to change. Massive data acquisition, 
algorithm refinement, and psychometric validation of digital outcomes will be necessary. This can only be 
achieved through strong collaboration between patients, physicians, engineers, regulators, and the pharma 
industry. This study represents an initial step toward real-life monitoring.

Method
Study design
This pilot multicentric study on patients with PD (Pre-QuantiPark), was sponsored by the Institute of Myology 
at La Pitié-Salpêtrière University Hospital. The 12-months study was conducted at two French investigational 
sites of the APHP: La Pitié-Salpêtrière Hospital, Paris, and Henri Mondor Hospital, Créteil.

Standard protocol approvals, registration and patient consents
The study protocol was approved by the local ethics committee (CPP-Ile de France VI – Groupe Hospitalier 
La Pitié-Salpêtrière, ID RCB: 2016-A00121-50; ClinicalTrials.gov Identifier: NCT02785978). All patients 
gave written informed consent prior to participation in this exploratory study. The study was conducted in 
accordance with relevant guidelines and regulations, including the Declaration of Helsinki and Good Clinical 
Practice guidelines.

Participants
Ten patients with PD were enrolled. Participants were recruited among PD patients undergoing pre-surgical 
evaluation for deep brain stimulation (DBS). The inclusion criteria were: subjects aged ≥ 18  years old with a 
clinical diagnosis of idiopathic PD (MDS criteria); stable parkinsonian medication regimen including L-Dopa 
for at least 4  weeks; experience of motor fluctuations and dyskinesia, and a normal MoCA test (Montreal 
Cognitive Assessment) ≥ 26 (out of 30). The exclusion criteria were: previous surgery for the treatment of PD, 
patients treated with apomorphine or L-Dopa pump, patients treated with DBS, patients with drug-induced 
parkinsonism, vascular parkinsonism or Parkinson plus syndromes (such as multiple system atrophy, progressive 
supranuclear palsy, and cortico-basal syndrome), as well as pregnant and breastfeeding women.

Data collection
Demographic and clinical data, along with treatment and medical histories, were collected before the L-dopa 
acute challenge, which was scheduled during a planned hospitalization as part of routine care.

Controlled environment tests, including a series of everyday-life tasks, Movement Disorder Society–Unified 
Parkinson’s Disease Rating Scale (MDS-UPDRS), and Rush Dyskinesia Rating Scale (RDRS) assessments, were 
performed before the L-dopa challenge test (LCT). All test sessions, including the LCT evaluation periods, were 
videotaped and simultaneously recorded using a wearable IMU device (Fig. 2).

LCT was was conducted by physicians and/or nurses experienced in movement disorders. The trial involved 
a single-dose L-dopa challenge. Prior to the visit, patients discontinued all dopaminergic medications for at least 
12 h (over 18 h for dopaminergic agonists and 24 h for long-acting agonists) to induce a practically defined “OFF 
medication” state. The LCT was performed early in the morning on an empty stomach. A L-dopa equivalent 
dose (LEDD) corresponding to the patient’s first morning dose, increased by 50% or 100 mg, was administered.

Clinical evaluations were conducted before any drug intake (“OFF state”) and then every 15 min for 90 min 
following the L-dopa administration. These evaluations included the MDS-UPDRS Part III (motor section).

Controlled environment tests were recorded with the ActiMyo magneto-inertial device (SYSNAV, Vernon, 
France) as depicted in Fig. 2. Simultaneously, video recordings were captured using a tripod-mounted camera. 
Recording started as soon as the sensors were removed from the docking station and ended at the conclusion of 
the test. A synchronization signal was applied at the start of the session to align the video and wearable device 
data.

Videos were independently and blindly analyzed by two neurologists (TG and BD), who assessed each 
movement detected by the wearable device and calculated corresponding negative and positive predictive values. 
Their assessments were then compared, and any discrepancies were resolved through qualitative consensus. 
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Drug-related dyskinesia (such as OFF-period dystonia, diphasic or peak-dose dyskinesia) has been evaluated 
by an expert in movement disorder (BD) and reported on the dedicated worksheet. Adverse events have been 
monitored.

Data proceeding and extracted parameters
Algorithms for PD manifestations detection
The device includes two sensors attached to the wrist and ankle of the side most affected by PD. Each sensor 
contains high precision triaxial accelerometers, gyrometers, magnetometers, a temperature sensor, and a 
barometer. These sensors recorded passively upper and lower limbs linear acceleration and angular velocity in 
3-dimensions. Data are recorded at a sampling frequency of 130.69 Hz. The sensors are encased in a lightweight 

Fig. 2.  Sensor detection during LCT for each PD motor manifestation for all patients per 15-min windows 
(A). Sensor performance during LCT for each PD motor manifestation for all patients (B). In green, sensor 
detection of events and in orange the false negatives. The intake of L-Dopa is marked with a dotted black line.
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plastic housing (43 × 37 × 16 mm; 28 g) and are individually factory-calibrated to ensure accuracy across a range 
of temperature, pressure, and dynamic conditions. These measurements have been used to develop an automatic 
detection of parkinsonian manifestations. These manifestations are tremors, akinesia and dyskinesia. The data 
were analyzed using MATLAB and Python.

Tremors are characterized by repeated, regular and oscillatory movements at the frequencies between 4 
and 7 Hz. The frequency spectrum is computed using a fast Fourier transform on a sliding window of 8 s. To 
demonstrate the presence of a tremor, a peak should be detected between 4 and 7 Hz in one of the axes of the 
accelerometer and in one of the axes of the gyroscope. In addition, this peak must be of large magnitude (at least 
twice as large) compared to the signal measured between 0.8 and 2.5 Hz.

Akinesia is detected when the sensor could only detect very few movements. The absence of movement is 
identified by computing the standard deviation of the norm of the gyroscope and the accelerometer on a sliding 
5-min window. If both standard deviations are between 0.2 and 4 degrees per second in the window, we assumed 
that the patient presented akinesia during this time window.

Dyskinesia was detected in the ankle and defined as prolonged, high-amplitude movement which is not 
associated with walking or tremor. The frequency spectrums of the norm of the accelerometer and the gyroscope 
were calculated on 8 s sliding window. A candidate dyskinesia is considered in the window if we observe a peak 
in the lower frequency band (0.8–2.5 Hz). Windows containing tremor activity or physiologically normal leg 
movements were discarded, and the remaining events were classified as dyskinesia. The movement intensity 
threshold was set to exclude most voluntary actions, thereby improving the discrimination between involuntary 
dyskinetic and intentional movements.

Algorithms for event detection are based on prior validated signal processing approaches developed for 
motion reconstruction in neuromuscular disorders. These algorithms were initially developed and tested on a 
prior unpublished cohort of PD patients and were refined and optimized during the present study, as planned 
in the study protocol.

As illustrated in Fig. 2, algorithms for event detection and analysis have been compared to the simultaneous 
and independent evaluation of the set of videos, by two neurologists (TG and BD).

Statistical analysis
The accuracy of the proposed algorithms was tested by using the confusion matrix comparing data from the 
algorithms and the observations of neurologists. This confusion matrix includes the following details: True 
positive (TP) for correctly predicted event values; False negative (FN) for incorrectly predicted no-event values; 
True negative (TN) for correctly predicted no-event values and False positive (FP): for incorrectly predicted event 
values. Metrics for performance were computed for the duration of time spent on each symptom. Sensitivity, 
specificity, precision and accuracy are expressed, as described below, in terms of TP, TN, FN and FP.

	– Precision (or positive predictive value) = TP/(TP + FP) = (Number of correct positive assessments)/(Number 
of positive assessments)

	– Sensitivity = TP/(TP + FN) = (Number of true positive assessment)/(Number of all positive assessment)
	– Specificity = TN/(TN + FP) = (Number of true negative assessment)/(Number of all negative assessment)
	– Accuracy = (TN + TP)/(TN + TP + FN + FP) = (Number of correct assessments)/Number of all assessments)

We used Mann–Whitney U test to compare differences between PD motor manifestations detected by sensors 
before and after LCT.

Data availability
The data supporting the findings of this study may be made available for academic, non-commercial purposes 
upon request to the corresponding author. Access may be granted after review and approval of a written research 
proposal compatible with patient consents & legitimate use, and contingent upon the signing of a data access 
agreement.
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