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Abstract

Background: Early diagnosisis crucia for ensuring that patients with Parkinson disease (PD) receive timely treatment, which
can improvetheir quality of life and prolong lifespan. Wearable sensors have emerged as promising toolsfor early PD diagnosis,
offering noninvasive, continuous symptom monitoring.

Objective: Thisreview aimed to eval uate how wearabl e sensors have been applied in early diagnosis of PD over the past decade,
focusing on sensor types, methods, findings, and limitations.

Methods: The systematic review was conducted following the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines. Studies were sourced from PubMed, |EEE Xplore, Scopus, and Web of Science and screened
based on predefined criteria. Theinclusion criteriawere asfollows: (1) the study was observational or experimental, (2) wearable
sensors were applied for the early diagnosis of PD, (3) participants were diagnosed with early-stage or prodromal PD, (4) the
study included at least 10 participants with PD, and (5) the article was published between 2013 and 2023. Studies were excluded
if they focused solely on treatment, rehabilitation, symptom monitoring, or nonwearable devices; lacked diagnostic clarity; were
not published in English; or were not primary research articles. All the sel ected studieswere assessed for quality using the Quality
Assessment of Diagnostic Accuracy Studies-2, the quality assessment tool recommended by the Cochrane Collaboration.

Results. Overall, 1888 records were retrieved from the selected databases, with 1044 records remaining after duplicate removal.
Following the screening of titlesand abstracts, 949 ineligible records were excluded, leaving 95 articlesfor eligibility. Eventually,
of the 1044 studies, 12 (1.12%) met the inclusion criteria, validating the feasibility of wearable sensorsin the early diagnosis of
PD. Most (10/12, 83%) were cross-sectional studies, with 1 longitudinal and 1 mixed-design study. Of the 12 studies, 4 (33%)
focused on identification diagnosis, 2 (17%) addressed the staged diagnosis of PD, and 1 (8%) focused on the identification of
specific symptoms. Of the 12 studies, 5 (42%) assessed the overall feasibility and performance of wearable sensorsin early PD
detection without targeting specific classification purposes. The main wearable sensors used were inertial measurement units
(8/12, 67%) and accelerometers (4/12, 33%), which primarily captured motion-related data. While initial findings suggest that
wearable sensors arefeasible for early PD diagnosis, the evidenceis still limited by small sample sizes and short study durations.

Conclusions:  Wearable sensors show promise in supporting the early diagnosis of PD, particularly for motor symptoms
monitoring. However, several limitations remain in validating and applying wearable sensors in clinical contexts, including
cross-sectional designs and limited diagnostic standardization. More diverse studies are needed to further validate these findings
and address existing shortcomings to better advance the use of wearable sensors in the early diagnosis of PD.

Trial Registration: PROSPERO CRD42024544198; https.//www.crd.york.ac.uk/PROSPERO/view/CRD42024544198

(J Med Internet Res 2025;27:€69422) doi: 10.2196/69422
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Introduction

Background

Parkinson disease (PD), an agerelated brain disorder
characterized by the progressive loss of dopamine-producing
nerve cellsin the substantianigra, is considered one of the most
common neurodegenerative diseases and can cause motor,
cognitive, deep, and other health issuesthat can severely impair
the quality of life of patients with PD [1-3]. While the exact
causes of PD are not fully understood, ageiswidely recognized
as a significant factor associated with the condition. The risk
of developing PD increases substantially with advancing age,
particularly after reaching the age of 60 years[1,3]. Astheworld
acceleratesinto an eraof population aging, theincidence of PD
is on the rise year by year. The World Health Organization
reported in 2023 that the global incidence of PD has doubled
over the past 25 years[2]. Thereport estimatesthat >8.5 million
peoplewereliving with PD globally in 2019, with approximately
5.8 million experiencing the impact measured by
disability-adjusted life years. In addition, there has been a
significant increase in deaths attributed to PD, with 329,000
deathsin 2019—an increase of >100% since 2000. A 2022 study
in the United States estimated that approximately 1 million
peoplewere living with PD in the country that year, with around
90,000 new cases expected to be diagnosed annually [4].
Meanwhile, researchersin Chinahave predicted that the number
of people with PD in the country will reach 5 million by 2030,
representing about half of the global patient population[5]. The
number of PD caseswill rise significantly as the world rapidly
enters an aging phase.

PD significantly affectsthe quality of life of patientsand reduces
their life expectancy [3]. In a meta-analysis involving 2707
patients with PD and 150,661 healthy controls, Zhao et a [6]
found that the quality of life among participants with PD was
lower than that of healthy individuals across most domains,
particularly in physical functioning and mental health. Despite
advances in treatment, PD still has a significant impact on life
expectancy. A 2018 study showed that the average life
expectancy from onset to death for people with PD, based on
an average age of onset of 60 years, was approximately 14.6
years, compared with 23.3 years for the general population of
thesameage[7]. In addition, the costs associated with treatment
and rehabilitation are considerable, placing immense financial
pressure on patients' families and society [8]. For example, a
study published in 2020 by Gomez-Inhiesto et a [9] showed
that the total cost of 5 years of treatment for a patient with PD
in Spain was as follows: €53,217 (US $62,365) for deep brain
stimulation, €208,163 (US $243,979) for continuous duodenal
levodopa or carbidopa infusion, and €170,591 (US $199,942)
for continuous subcutaneous apomorphineinfusion. In addition,
a study conducted in the United States showed that the total
economic burden of PD reached US $51.9 billionin 2017, with
projections estimating that thisfigure will exceed US$79 billion
by 2037 [10].

https://www.jmir.org/2025/1/e69422

Although researchers have still not found any treatmentsto stop
or reverse the progression of PD [11,12], studies have
demonstrated that early diagnosis and preventive treatment of
PD can extend the life expectancy of patients and provide
benefitsin terms of symptom control, disease progression, and
overall quality of life[13,14]. For example, early treatment with
drugs such as dopamine agonists and monoamine oxidase B
inhibitorssignificantly reduces motor symptoms and delaysthe
need for levodopa in patients with PD, potentially avoiding the
long-term complications associated with levodopa use [14,15].
Besides, early treatment can a so effectively control nonmotor
symptoms, such as depression and cognitive decline, that
typically occur in the early stages of PD, thereby maintaining
or improving patients quality of life[16]. However, despite the
numerous benefits of early treatment for PD, most patients in
clinical practice are till diagnosed and commence treatment
only after significant symptoms have manifested, typicaly in
the mid to late stages of the disease [17,18]. In the mid to late
stages, a significant portion of specific neurons generally have
degenerated, resulting in a loss of neural plasticity [13].
Consequently, clinical interventions at thisjuncture may beless
efficacious, asthe diminished neural pladticity limitsthe capacity
for neural repair or compensation [19]. Therefore, developing
and studying techniques and methodsfor early diagnosis of PD
are essentia for effective treatment.

Researchersbelievethat in the early stages of PD, beforetypical
clinical motor symptoms appear, some presymptoms caused by
PD will appear, such asloss or decrease of sense of smell, sleep
disturbances, constipation, tremor, and slowing of movement
[17,20]. Currently, the clinical diagnosis of PD relies on
clinician assessments based on the Movement Disorder Society
Clinical Diagnostic Criteriafor Parkinson’s Disease (MDS-PD
criteria), often supplemented by imaging tools such as
DaTSCAN [21,22]. Although effective, these diagnostic
approaches are resource intensive and typically applied only
after patients present with motor symptoms, limiting their role
in early detection [22]. Therefore, in recent years, efforts have
been made to enhance the early diagnosis of PD by monitoring
prodromal symptoms using new technologies, such as
biomarkers, imaging techniques, sensor technologies, and
artificial intelligence (Al), with some promising research results
being achieved. For example, a study by Pavelka et a [23]
shows the potential use of periphera blood microRNA profiles
as diagnostic indicators for distinguishing between PD and
progressive supranuclear palsy. Prashanth et a [24] devel oped
a prediction or prognostic model using the support vector
machine (SVM) to classify striatal binding ratio values

calculated from 2|-loflupane (DaTSCAN) single photon
emission computed tomography scans, achieving 96% accuracy
in screening the early stage of PD from healthy individualsin
the study. Finberg et a [25] developed an electronic sensor
capable of distinguishing the individuals with early-stage PD
from healthy individuals by detecting volatile molecules in
exhaled breath.
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Wearable sensorsare particul arly interesting among the various
technol ogies dueto their noninvasive, continuous, and real-time
monitoring capabilities. Wearable sensors extend monitoring
beyond the clinical setting into real-world environments,
enabling the collection of more comprehensive data [26,27].
As aresult, wearable sensors can capture transient symptoms
that are often difficult to detect during regular clinical
examinations, which has significant implications for the
diagnosis and monitoring of PD [27]. In addition to diagnhostic
utility, wearable sensors offer substantial cost-effectiveness by
reducing the frequency of hospital visits and enabling remote,
long-term monitoring [28]. These benefits are particularly
valuablein aging populations and in low-resource settingswhere
access to specialized neurological careis limited [29]. Recent
studies have demonstrated the effectiveness of wearable sensors
in diagnosing and monitoring PD symptomsin later stages. For
instance, inertial measurement units (IMUs), which consist of
accelerometers, gyroscopes, and sometimes magnetometers
[30,31], embedded in wristbands or smartwatches can effectively
track the frequency and amplitude of tremors in patients with
PD, providing a detailed understanding of the severity of their
motor symptoms [32]. In addition, the study has focused on
monitoring and detecting freezing of gait, acommon and severe
symptom in patients with PD, by placing sensors on the lower
limbs [33]. Moreover, researchers have also explored the use
of IMUs to monitor motor symptoms and assist in the
differential diagnosis of PD and other disorders with similar
clinical presentations [34,35]. These studies demonstrate the
use of wearable sensors such as smartwatches with embedded
IMUs and sensor-equipped insoles for monitoring symptoms
and supporting the diagnosis of PD.

In the realm of early diagnosis of PD, researchers have tried to
experiment with wearable sensors, such as those embedded in
smartphones, to monitor individuals' daily behaviorsto identify
early symptoms of the disease [36]. However, research in this
field remains in the exploratory stage. A review [37] of the
application of wearable sensors in PD from a few years ago
highlighted that studies on the application of wearable sensors
for early diagnosis of PD were quite limited.

Objectives

Several reviewsin recent years have examined wearabl e sensors
or platforms in the context of PD, but most have focused on
technologies for symptom monitoring and treatment or have
only briefly addressed early diagnosis [37]. However, a
comprehensive systematic review specifically focused on early
diagnosisistill lacking. In addition, there were very few studies
involving the application of wearable sensors for the early
diagnosis of PD before 2013 [37]. There remains a gap in
systematically reviewing the use of wearable sensors specifically
for the early diagnosis of PD. Given the advancesin sensor and
Al technologies over the past decade, this systematic review
aimsto fill this gap by evaluating recent research (2013-2023)
on wearable sensors in the early diagnosis of PD, addressing
the following key research questions (RQs):

+ RQ 1: What types of wearable sensors are being used for
the early diagnosis of PD?

https://www.jmir.org/2025/1/e69422
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« RQ 2: What methods and technologies are used in these
studies, including wearing styles, types of data acquired,
and methods of data analysis and processing?

« RQ 3: What are the accuracy, reliability, utility, and
limitations of wearable sensors in the early diagnosis of
PD?

Key Termsin This Review

In this review, wearable sensors are defined as platforms that
collect data continuously in real time without significantly
affecting the wearer’s activities [38-40]. Therefore, our review
specifies that wearable sensors should be easy to wear and
operate, capable of transmitting data wirelessly, or equipped
with self-contained memory to store data. It isalso worth noting
that smartphones have been widely used in medical research as
atypical wearable platforms [41,42]. In this context, sensors
integrated into smartphones that can collect real-time data and
respond to human body—related input were classified aswearable
Sensors.

As for PD, the included studies were required to specificaly
involve patients with early PD or pre-PD. To identify early
stages of PD, we combined the diagnostic criteriain the United
Kingdom [43], China [44], and Europe [45] and considered
stages0to 2.5 on theHoehn and Yahr (H& Y) scale. Considering
that some studies may not provide the H&Y scale scores of
patients and may use Movement Disorder Society-Unified
Parkinson’s Disease Rating Scale (MDS-UPDRS) scoresinstead,
this study refersto the study by Skorvanek et al [46] to convert
MDS-UPDRS scores into H&Y scale scores to determine the
stage of PD symptoms.

Methods

Search Strategy

This systematic review followed the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines (Multimedia Appendix 1 for the checklist) and was
registered with the PROSPERO international database
(CRD42024544198). Electronic databases relevant to the
fild—IEEE Xplore, PubMed, Scopus, and Web of
Science—were searched for English-language articles published
(including prepublication) between January 1, 2013, and
December 31, 2023.

The search strategy included terms related to PD, wearable
sensors, and early diagnostic methods combined with Boolean
operators, which were searched as follows: (“Parkinson” OR
“pre-Parkinson”) AND (“wearable’ OR “inertiad” OR
“accelerometer” OR “acceleration” OR “ gyroscope” OR“EMG”
OR"“ EEG” OR“ECG” OR"“GSR" OR “pressure” OR “clothes’
OR “smartphone”’ OR “smartwatch” OR “glove’) AND (“early
diagnosis’ OR “early detection” OR “early stage” OR “timely
diagnosis’ OR “early identification” OR “prediagnostic’ OR
“prompt diagnosis’ OR “initial detection” OR *"anticipatory
diagnosis’ OR *“prodromal” OR *“presymptomatic’ OR
“preclinical” OR “incipient” OR “pre-manifest” OR
“subclinical” OR “latent”). Instead of using “IMU,” we
deliberately selected its core component terms—"inertial,”
“accelerometer,” “acceleration,” and “ gyroscope” —to construct
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a more inclusive search strategy. This approach ensured that
studies involving IMU-related technologies, even those not
explicitly using IMU, were captured under broader terminol ogy.
The search strategy is provided in Multimedia Appendix 2. In
addition to searching the selected databases, the reference lists
of the included papers were manually checked to determine if
any relevant studies were missed.

Textbox 1. Eligibility criteria.

Lietd

Selection

The processwas conducted in 2 distinct stages: title and abstract
screening and full-text review. Both stages were performed
independently by 2 researchers (HL and JH), and any
discrepancies were resolved through discussion with a third
researcher (MZ). The screening criteriafor the studiesarelisted
in Textbox 1.

Inclusion criteria

Were observational (cross-sectional, case-control, or cohort) or experimental studies (randomized controlled trials or |aboratory-based studies)
Applied wearable sensors for the early diagnosis of Parkinson disease (PD)

Included participants diagnosed with early-stage PD or prodromal PD

« Involved at least 10 participants with PD
«  Were published between 2013 and 2023

o Werewritten in English with full text available

Exclusion criteria

«  Focused solely on treatment, rehabilitation, or symptom monitoring
«  Used nonwearable or clinically tethered devices

o Lacked clearly defined PD diagnostic criteria or stage classification
« Had asample size of <10 participants with PD

«  Werereview articles, editorias, conference abstracts, or non-English publications

Studieswith <10 participants diagnosed with PD were excluded
from this review based on considerations of clinical relevance
and statistical interpretability. Given that this review focuses
on the potentia of wearable sensors for early diagnosis of PD,
studies with very small samples may not be able to provide
clinically meaningful findings [47,48]. Therefore, a minimum
participant threshold was used in this review to increase the
reliability and representativeness of the included studies.

Data Extraction

Data extraction was performed using a standardized form and
included thefollowing information: details on wearable sensors
and platforms, population characteristics, assessment tasks,
methods of data analysis, and the performance of early PD
diagnosis. Data extraction was conducted by one researcher
(HL) and checked by another (JH), and any disagreementswere
resolved by consensus with athird researcher (MZ).

Data Synthesis

This study adopts a narrative synthesis approach and does not
include ameta-analysis. Given the anticipated heterogeneity in
study designs, sensor modalities, anaytical methods, and
outcome measures, the included studies were grouped and
descriptively compared according to predefined anaytical
dimensions: (1) types and placement of wearable sensors, (2)
platforms used to collect and process sensor data, (3) population
characteristics (eg, sample size, age, and disease stage), (4)
assessment tasks, (5) data analysis approaches (eg, feature
extraction methods and machine learning models), and (6)
diagnostic performance metrics (eg, accuracy, sensitivity, and

https://www.jmir.org/2025/1/e69422

specificity). Data were extracted using structured summary
tables and synthesized qualitatively to identify methodological
trends, strengths, and limitations. Statistical pooling or effect
size integration was not performed due to the diversity of
outcome measures across studies. Data synthesis was conducted
by one researcher (HL) and checked by another (JH), and any
disagreements were resolved by consensus with a third
researcher (MZ).

Quality Assessment

Overview

In this review, the quality of the included studies was assessed
using the Cochrane-recommended Quality Assessment of
Diagnostic Accuracy Studies-2 (QUADAS-2) [49]. QUADAS-2
evaluates the risk of bias and applicability concerns in 4 key
domains: patient selection, index test, reference standard, and
flow and timing. Quality assessment was conducted by one
researcher (HL) and checked by another (JH), and any
disagreements were resolved by consensus with a third
researcher (MZ).

Patient Selection

In this review, patient selection focused on clearly defining the
criteria for inclusion and exclusion, including factors such as
age, clinical presentation, and stage of PD. In addition, the
method of recruiting patients (eg, consecutive or randomized
recruitment) was considered to ensure that the recruited patients
were representative of the target population, thereby reducing
therisk of bias.
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Index Test

The assessment of the index test focused on whether the study
included detailed information about the metrics acquired by the
wearable sensor. This information includes sensor type,
specifications, measurement parameters, and data analysis
methods. Particular attention was given to dataanalysis methods,
ensuring that measures such as data separation or
cross-validation were used to reduce bias [50,51]. In addition,
theresults of theindex test needed to be validated in conjunction
with clinical references for PD (eg, neurologist’s diagnosis) to
improve reliability.

Reference Standard

Asthe application of wearable sensorsin the early diagnosis of
PD is gtill in the exploratory research stage and lacks mature
clinical diagnostic criteria, the clinical diagnostic criteria for
MDS-PD criteria[21] or the clinical diagnosis by neurologists
were used as the gold standard reference.

Flow and Timing

Detailed information about the patient flow through the various
study phases, including information about patient withdrawal
and its handling, was considered in the assessment of process
and timing. In addition, the time interval between wearable
sensor tests and the patient’s clinical diagnosis was examined
to ensure that the timing of the studies was rationa and
consistent.

https://www.jmir.org/2025/1/e69422
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Results

Overview

A total of 1888 records were identified by screening PubMed
(n=428), |IEEE Xplore (n=143), Scopus (n=807), and Web of
Science (n=510). After removing 844 duplicates using EndNote
20 (Clarivate), 1044 records remained for screening. A total of
949 records were excluded by screening titles and abstracts,
and 95 (95/1044, 9.1%) reports were assessed for eligibility.
Among these reports, 83 reports were excluded for various
reasons, including (1) lack of information on the stage of PD,
(2) no patientsin the early stage of PD or were confounded with
patients at other stages of PD without differentiation, (3) study
for monitoring or treatment, (4) not using wearable sensors, (5)
the disease of concernisnot PD, and (6) number of participants
diagnosed with PD is <10. Ultimately, of the 1044 studies, 12
(1.15%) met the criteria for inclusion in the review. The
information on the screening process is shown in the PRISMA
flowchart [52] (Figure 1) and adheres to the PRISMA 2020
guidelines (Multimedia Appendix 1). Extracted information for
each of the selected studiesis shown in Table 1. Notably, of the
83 reports that were excluded, 55 were omitted due to issues
related to the experimental design involving participants.
Specifically, 29 reports were excluded due to a lack of
information on the staging of PD, while 26 were excluded
because they failed to include patients in the early stage of PD
or were confounded with patients at other stages of PD without
differentiation.
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Figure 1. Flowchart of the search and study selection. PD: Parkinson disease.
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Table 1. Summary of data extraction.

Lietd

Study Wearablesensors  Platforms Population characteriss  Assessment tasks Dataanalysis Performance
and placement tics
Aroraetal o  Sensors Smartphone  « S (semale 7 tesksdeveloped by re- «  Features: fea + HCandPD: sen-
[53] IMUS? and 28 female: searchers: voice, balance, tures of voice sitivity: 84.6%
(f§’:20 Ha) age: mean 66.3, gait, finger tapping, reaction impairment; tqn— and specificity:
mi crophone’ SD 9.1 years; time, rest tremor, and postu- poral and spatia 88.3% _
touch screer; He Y9 scale ral tremor f_eaturesfrc?m « HC gr_1d_|RBD:
sensors. and Score: mean 0 flnggr tapping, sensitivity:
timer ' D 0'2) ! reaction time, 91.9% and speci-
) gait, and balance ficity: 90.0%

. Placement: . iRBD® (91 male feature?; and . PD a_nd_iRBD:
hands and . tremor feature sensitivity:
pelvis gg lrﬁgae'n“;?'s’ . Algorithm and 87.5% and speci-

SD 9.4 years: mode: RFY ficity: 90.1%

H&Y scale

score: mean 0.1,

SD 0.4)

*  PDf (200 mde

and 125 female;

age: mean 66.1,

SD 9.0 years;

H&Y scale

score: mean 1.8,

SD 0.5)
Rovinieta «  Sensors: SensHand « HC(11lmadeand 10tasksfromMDSUPDRS .  Features: spa- « HCandPD: accu-
[54] IMUs V1 (hands 4female; age: 11¥ 4 items for lower limbs tiotemporal and racy: 100% and

(fs=100 Hz) and fingers) mean 64.9, SD (toetapping, leg agility, rota- frequency fea- specificity:

o Placement: and Sens 2.8 years) tion, and gait) and 6 items tures 100%
hands, fin-  Foot V2 * IH"(10maeand for upper limbs (thumb- « Algorithmand + HCandPD and
gers, and (feet) 5female; age:  forefinger tapping, hand model: RF IH: accuracy:
feet mean 66.5,SD  opening-closing, pronation 91.1% and speci-

2.9 years) and supination, hand resting ficity: 95.6%
e PD(7maeand tremor, postural tremor, and
8 female; age: arms swing during the gait)
mean 66.6, SD
7.1, H&Y scale
score: mean 1.3,
SD 0.5)
Borzieta « Sensors: Smartphone « HC(5maeand Quiet stancefor 30 seconds «  Features:time o HCandclassO:
[36] IMUs 2 female; age: and frequency accuracy 100%,
(fs=200 Hz) mean 27.2, SD 2 features sensitivity 100%,

«  Placement: years) «  Algorithm and and specificity
lower back «  PD (age: mean model: SYM! 100%

68.6, SD 10.7 e ClassOandclass
years; class0: 10 1: accuracy
maleand 6 fe- 82.8%, sensitivi-
male; H&: 1-2; ty 85.7%, and
class1: 10 mae specificity

and 5 female; 80.0%, class 0
H&Y scale and class2: accu-
score; 2; class 2: racy 100%, sensi-
9maeand 2 fe- tivity 100%, and
mae; H&Y scale specificity 100%
score: 3)
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Study Wearablesensors  Platforms Population characteriss  Assessment tasks Dataanalysis Performance
and placement tics
Di Lazzaro «  Sensors: Movitsyss « HC(19maleand MDS-UPDRSIII (rest o  Features: power, HCand PD: accu-
et a [55] IMUs tem [56] 10female; age:  tremor, postural tremor, amplitude of racy: 97%
(fs=50 Hz) mean 69, SD 11 taped alternating hand tremor, ampli-
years) movement, leg agility, heel- tude, asymmetry
«  Placement. toe tapping, and pull test) of bradykinesia
upper back, « PD (26 maeand K and number of
lower back 10female, ager Nd TUG" test ;
’ > 29 steps, jerk, sway
upper arms, mean 63, SD 8.7 areaof gait, and
Lc;rneaa;ms. )s/ce;r(j;o%e\'( postura stability
L - « Algorithm and
thighs, mean 1.8, SD model: SVM
shanks, and 0.6)
feet
Sushkova «  Sensors:ac- Noinforma « HC(n=8) EMG and accel erometer « Classficationby HCand PD: accu-
etd [57] celerometer tiononplat- « PD (n=11with  wererecorded for 2 pos- aseparation racy: 100%
andEMG  forms right-hand- tures: one with the arms function with PD and ET: accu-
. Placement: tremor, 7 with straight on the armrest and wave features racy: 92%
hands (ac- left-hand-tremor;  the other with the arms ex-
celerometer) H&Y scale tended forward
and the ex- score: 1)
tensor mus- - ET(n=9)
clesof the
wrist and
ankle joints
(EMG)
Sigchaetal «  Sensors:ac- Smartwatch- « PD (8maeand  gitemsfrom UPDRS™ arm ¢  Features: time Distinguish
[58] celerome-  es 10female; age:  regt, arm extension, finger- and frequency tremor (compari-
ters (fz=50 mean 64.9, SD {5 nose test, hand move- o Algorithm or son with those
Hz) 7.6years H&Y  ments, |eg agility, and postu- model: multitask obtained in the
«  Placement: scale score 1: ral tremor assessment CNN"asaclass- clinical assess-
wrist n=4 and H& Y fier with FET® ment): sensitivi-
scale score 2: data reoresenta: ty: 86.1%, speci-
n=10; 14 patients o e ficity: 86.19%,
with tremor) and AUCP: 0.936
Castelli « Sensors. Wearable « HC(n=15; age: Participants stand on a «  Features: the HCand PD: accu-
Gattinara IMUs sensor: MTw mean 65.2, SD  ropotic platform (RotoBit') range of motion racy: 95.6% and
DiZubiena «  Placement: (XsensTech- 3.4 years) in an upright position, with of the head, AUC: 0.95
etal [59] head, chest, nologies); « PD(n=19mae  gmshanging verticaly and chest, and pelvis
and pelvis  platform: and 1 female; feet externally rotated apre- in medio-lateral
RotoBit'® age: mean 67.7,  ferred amount and antero-poste-
(used during SD 8.1 years; rior directions
awatching H&Y scale and the recipro-
task) score: 1-2) ca body seg-
ment rotations
« Algorithmor
model: fine-
kNNA
Linetal « IMUs MATRIX- « PD(n=84;age. TUGtest PD and ET: accu-
[60] (fz=100Hz) wearable mean 58.13, SD racy: 84.0%, sen-
o Placement: motion and 10.43 years; sitivity: 85.9%,
waist, chest, gait quantifi- H&Y scale specificity:
hands, cation assess- score: 1-1.5) 82.1%, and
thighs, ment system o ' (n=80; age: AUC: 0.912
shanks, and mean, 58.7, SD
feet 139 years)
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Study Wearablesensors  Platforms Population characteriss  Assessment tasks Dataanalysis Performance
and placement tics
o  Features: 33 gait
and postural
transition param-
eters, including
Arm Symbolic
Symmetry Index,
minimum trunk
angle during
stand-to-sit, lean
angle, maximum
sagittal trunk an-
gular velocity
during sit-to-
stand, and maxi-
mum angular ve-
locity during a
180° turn
«  Algorithm and
model: SVM
Mengeta « IMUs Wearable « HC(n=19;age Fivecyclesof 5-meter o Featuresderived « HCandPD:
[61] (fz=100Hz) full-body range: 50-70 straight walking and 180° from spatiotem- AUC: >0.65
o Placement: motionandy- years) turns at acomfortable walk- poral metrics,
head, upper  sissystem « PD(n=21;age ing speed joint kinematics,
thoracic, (Research range: 50-70; variability,
pelvis,up-  ProIMU) H&Y scale asymmetry, and
per arms, score: 1-2) stability
thighs, and o  Algorithm and
shanks model: SVM
with linear ker-
nel
Mirelman «  Accderome- AxivityAX3 «  HC (n=68; 39 Real-world continuous (24- «  Algorithmand « HCandPD: accu-
etad [62] ter (fz=100 or AX6 maleand 25fe-  hour) digital mobility data model: binary lo- racy: 81.1% and
Hz) male; age: mean collectionfor 7 days; partic- gistic regression AUC: 0.87
«  Placement: 58.57, SD 8.63  ipantsinthe subgroup of PD on 14 features o  Larger effect
lower back years) were assessed at 12-month sizesthan MDS-
o Recently diag- intervalsover 4 years UPDRS for
nosed PD (n=64; change over time
39maean25fe- (Cohen d: 0.19-
male; age: mean 0.66)
67.99, SD 8.46
years, H&Y
scale score: 1-2)
«  Subgroup of PD
(n=33; 21 male
and 12 female;
age: mean 62.72,
SD 8.66 years,
H&Y scalescore
1-2)
Schalkamp «  Accderome- Axivity AX3 «  General popula  Continuousmonitoringover «  Features: ac-
et d [63] ter (fz=100 tion (n=33,009) 7 days celerometry data
Hz) « PD (n=153) and (daily and hourly
o  Placement: pre-PD (n=113) averages), physi-
wrist in General popu- cal activity cate-
lation gories (sleep,
sedentary, light,
and MVPAS)
«  Algorithm and

model: Lasso lo-
gistic regression
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Study Wearablesensors  Platforms Population characteriss  Assessment tasks Dataanalysis Performance
and placement tics

«  Distinguishing
PD (AUPRC":
mean 0.14, SD
0.04) and pre-PD
upto 7 yearspre-
diagnosis
(AUPRC: mean
0.07, SD 0.03)

o  Compared with
other model test

(genetics
AUPRC: mean
0.01, SD 0.00;
P=.002; lifestyle
AUPRC: mean
0.03, SD 0.04;
P=.003; blood
biochemistry
AUPRC: mean
0.01, SD 0.00;
P=.004; prodro-
mal signs
AUPRC: mean
0.01, SD 0.00;
P=.004)
Shcherbak «  IMUs TheSensor- «  PD1(n=54; Eleven taskswererecom- o  Features: 33fea= «  Best micro F1-
et a [64] (fz=100Hz) Tileplatform H&Y scale mended by the neurologists turesfrom statis- scores of RF and
«  Placement: score: 1-2) or taken from relevant re- tical features, LightGBM: 0.83
hands . PD2(n=11, search [65]: (1) standing up, correlation fea for HC and PD1,
H&Y: 3-4) walking, and sitting down; tures, and fre- 0.86 for HC and
« HC(n=31 (2) pronation and supination guency features PD2, and 0.78
of theforearm; (3) resting «  Algorithm and for PD1and PD2
with arms relaxed; (4) tap- model: RF and
ping index and thumb while LightGBM"
elbows are bent; (5) touch-
ing nose with the index fin-
ger; (6) sitting with out-
stretched arms; (7) tighten-
ing anut on a bolt; (8) fill-
ing glass with water; (9)
tapping fingers on atable;
(10) standing with arms
folded in front of the chest,
with palms pointed inward;
and (11) standing with arms
folded in front of the chest,
with palms pointed outward
& MU: inertial measurement unit.
brs; sampling frequency.
®HC: health contral.
9H& Y: Hoehn and Yatr.
§RBD: idiopathic rapid eye movement sleep behavior disorder.
"PD: Parkinson disease.
9RF: random forest.
PiH: idiopathic hyposmia.
'MDS-UPDRS I11: Movement Disorder Society-Unified Parkinson’s Disease Rating Scale Part 111
JSVM: support vector machine.
KTUG: timed up and go.
EMG: electromyography.
MUPDRS: Unified Parkinson's Disease Rating Scale.
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"CNN: convolutional neural network.

OFFT: fast Fourier transform.

PAUC: area under the curve.

9KNN: k-nearest neighbor.

"ET: essential tremor.

SMVPA: moderate physical activity.
'AUPRC: area under precision recall curve.
ULightGBM: light gradient boosting machine.

Therefore, an important point identified during the paper
screening process is that the rigor of the experimental design,
particularly in the selection of participants, is a critical factor
that must be emphasized when studying wearable sensors for
the early diagnosis of PD.

We believe that studies on the early diagnosis of PD should
include participants who are either in the early stage of PD, in
a pre-PD phase, or healthy individuals who may develop PD
upon follow-up. Thisis essentia to ensure that study findings
apply to the target population and to accurately assess the
effectiveness of wearable sensors in early diagnosis of PD.
Unfortunately, many of the excluded studies failed to meet this
criterion, and the absence of staging information or the
conflation of patients at different stages of the disease
significantly undermined the credibility of their findings.

Therefore, we emphasize the importance of rigorous study
design in future research on wearable sensors for the early
diagnosis of PD. It is imperative to ensure that the staging
information of included patients is accurate and adheres to
established clinical assessment criteria, thereby guaranteeing
the reliability and scientific value of the study results.

Study Characteristics

Intermsof thetimeline of the selected studies, the earliest study
included was published in 2018, although the search for studies
began in 2013. Despite references to 3 studies on wearable
sensors for the early diagnosis of PD between 2013 and 2017
in the review [37], these studies did not meet the criteria for
this review and were excluded. Of the 12 included studies, 9
(75%) were published within the last 3 years, indicating a
growing interest among researchersin wearable sensorsfor the
early diagnosis of PD.

https://www.jmir.org/2025/1/e69422
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Among these studies, only 2 were longitudinal [63] or mixed
methods [62] studies, while the remaining 10 were
cross-sectional studies. Although cross-sectional studies are
rapid, economical, and capable of handling large samples and
diverse variables, they are prone to bias and error because they
rely on datafrom asingle point in time [66,67].

Regarding the purpose of the studies, 33% (4/12) of the studies
focused on identification diagnosis, examining conditions such
asessentia tremor [57,60], idiopathic rapid eye movement sleep
behavior disorder [53], and idiopathic hyposmia [54]. In
addition, 2 studies [36,64] addressed the staged diagnosis of
PD. One study [58] focused on identifying a specific symptom
in the early stages of PD: tremor. These studies show that the
use of wearable sensorsin the early diagnosis of PD isevolving.
Research is becoming more refined and broader in scope,
progressively encompassing multiple symptoms of early PD.

Of the 12 studies, 5 (42%) [55,59,61-63] assessed the general
feasibility and diagnostic performance of wearable sensorsin
early PD detection without targeting specific classification
purposes. These studies primarily explored motion capture, gait
analysis, or long-term real-world monitoring to evaluate the
potential utility of wearable technologies for screening or
supporting early-stage PD identification in broader contexts.

Quality of Studies

According to the QUADAS-2 criteria, each domain (patient
selection, index test, reference standard, and flow and timing)
was categorized into 3 levels of risk: low, high, and unclear.
Theresults of the quality assessment of the 12 studiesincluded
in this review are shown in Table 2.
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Table 2. Quality assessment results of the included studies using the Quality Assessment of Diagnostic Accuracy Studies-2. The + symbol indicates
low risk; the —symbol indicates high risk; the ? symbol indicates unclear risk.

Study Risk of bias Applicability concerns
Eati ent selec- Indextest  Referencestandard  Flow and timing Eati ent selec- Index test Referencestandard
tion tion

Aroraet a [53] + + + + + + +

Rovini et a [54] + + + ? + + +

Borzi et al [36] - + + ? + + +

Di Lazzaro et a [55]
Sushkova et a [57]
Sigchaet al [58]

Castelli Gattinara Di
Zubienaet a [59]

Lineta [60]

Meng et al [61]
Mirelman et a [62]
Schalkamp et al [63]
Shcherbak et al [64]

+

+

+

+

+

+ +

+ +

+ +

+ ?

In terms of patient selection, out of 12 studies, 9 (75%) were
rated aslow risk of bias, whereas 3 (25%) [36,57,64] wererated
as high risk of bias due to missing information about the age of
the recipients or significant differences in the age of the
participants between subgroups.

In the assessment of index tests and reference standards, most
studies (11/12, 92%) were rated as low risk. The researchers
used cross-validation with MDS-PD criteriaor the neurologist’'s
clinical diagnosis as reference standard. In 1 study [62], the
index test was assessed as high risk due to the use of a mixed
sensor setup involving both Axivity AX3 and AX6 devices.
The AX6 offersahigher sampling rate, greater storage capacity,
and additional sensors compared to the AX3. In addition, the
study did not specify which platform was used for each
participant, limiting interpretability.

Interms of process and timing, 5 studies lacked information on
the time interval between wearable sensor testing and the
patient’s clinical diagnosis. These studies were rated as having
an unclear risk because the early stages of PD usually last for
alonger period.

Regarding applicability, except for 2 studies [57,64] that were
assessed as having unclear risk due to insufficient information
on patient selection and 1 study [62] assessed as high risk due
to the mixing of platforms, most studies demonstrated good
applicability across patient selection, index test, and reference
standard and were rated as low risk.

Wear able Sensor s

A variety of wearable sensors were involved in the selected
studies, including IMUs, accelerometers, gyroscopes,
microphones, touch screen sensors, timers, and
electromyography (EMG). The wearable sensors in the most
selected studies were used to measure human motion data,
except for 2 studies. One study that used EMG was conducted
by Sushkova et a [57], who combined EMG with

https://www.jmir.org/2025/1/e69422

accelerometers to analyze the state of specific muscles in
different postures. In ancther study [53], microphones,
touchscreen sensors, and time sensorswere used alongside IMUs
as wearabl e sensors to measure various data, including motion
and voice of the participant while using the smartphone.

Among these wearable sensors, IMUswere chosenin 8 studies.
IMUs are a type of sensor that combines an accelerometer,
gyroscope, and magnetometer [30,68]. The accelerometer
measures linear acceleration and gravity; the gyroscope
measures the rate of rotation to provide angular velocity
information; and the magnetometer measures the Earth’'s
magnetic field to provide heading information, determining
orientation relative to the Earth’s magnetic north pole[30,68,69].
The IMUs in these studies measured acceleration, angular
velocity, and orientation at specific locations on the human
body, with sampling frequencies ranging from 20 Hz to 00 Hz,
to obtain characteristics of the participants’ gait, balance, and
tremor.

The remaining 4 studies involved the use of accelerometers to
measure participants motion data to monitor individual
movement characteristics in specific postures or to detect
specific symptoms in patients with early PD. Accelerometer
was also used for continuous monitoring in real-world settings
over long periods. Sigcha et a [58] used the accelerometer in
the smartwatch to collect motion data from participants during
specific movements and to detect tremor in the early stage of
PD. Schalkamp et al [63] used the accelerometer for 7 days of
continuous monitoring to identify the early stage of PD or
pre-PD.

Thelocation of wearable sensorsiscritical for obtaining accurate
datarelated to the desired measurement [70,71]. Inthe 12 studies
included in this review, sensors were placed either in asingle
location or multiple body parts. For instance, in some studies,
sensors were placed in a single location, such as the wrist [63]
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or the lower back. Other studies, such as those by Di Lazzaro
et a [55] and Meng et a [61], placed sensors on multiple body
parts, including the upper back, lower back, upper arms,

Figure 2. The location of wearable sensors in the selected studies.

Forearms

Wrist

Thighs

Platforms

The relationship between wearable sensors and their
corresponding platforms is mutually reinforcing. The sensors
continuously collect raw data, while the platforms process,
analyze, and present this information, optimizing its use in
applications such as health monitoring, fitness tracking, and
beyond [39,72].

Inthisreview, various platformswere used to integrate wearable
sensors into research. These platforms include systems
specifically designed for scientific research and clinical
applications, including the Movit system [55], MTw (Xsens
Technologies) [59], and Research Pro IMU system [61]. These
systems monitor the movement of multiple body parts
simultaneously by integrating multiple accelerometers and
gyroscopes or IMUs, enabling comprehensive analysis of
whole-body movement. In addition, there are accelerometer
platforms, such as Axivity AX3 and AX6 [62,63], that are
developed for monitoring physical activity, sleep patterns, and
other movement-related data. These platforms are suitable for
continuous monitoring and were selected for use in only 2
longitudinal and mixed methods studies [62,63].

One study used self-designed platforms specifically devel oped
for PD diagnosis and monitoring: the SensHand V1 and
SensFoot V2 [54]. These specialized platforms use 100 Hz
IMUs to measure hand and foot movements, respectively, and
were first designed and used in PD research in 2013 [73].
Moreover, commercial platforms equipped with wearable
sensors, such as smartphones and smart bracel ets, were selected
astest platforms dueto their popularity and ease of use[53,74].
For example, Arora et a [53] acquired data on participants
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forearms, thigh, calf, and foot of the participants. Acrossall the
selected studi es, the hands were the most common locationsfor
sensor placement (Figure 2).

+ Head: Castelli et al [59]

*  Chest: Castelli et al [59], Lin
et al [60], Meng et al [61]

+ Upperarms: Di Lazzaro et al
[55], Meng et al [61]

+ Forearms: Di Lazzaro et al
155]

s Wrist: Sigcha et al [58],
Schalkamp et al [63]

e Pelvis: Arora et al [53], Meng
etal [61]

¢ Thighs: Di Lazzaro et al [55],
Lin et al [60], Meng et al [61]

o Shanks: Di Lazzaro et al [55],
Lin et al [60], Meng et al [61]

o Feet: Rovini et al [54], Di
Lazzaro et al [55], Lin et al
[60], Meng et al [61]
Upper back: Di Lazzaro et al

Fingers

[55]
*  Lower back: Borzi et al [36] ,
Di Lazzaro et al [55],

Mirelman et al [62]
e Hand: Arora et al [53], Rovini
et al [54], Sushkova et al [57],
Lin et al [60], Shcherbak et al
[64]
Fingers: Rovini et al [54]

g
P ——
-
.

movements, voice, and reaction time through various wearable
sensors (eg, IMU, microphone, and timer) integrated into the
smartphone.

Assessment Tasks

Assessment tasks are critical in clinical diagnosisto determine
the patient’s status, guide treatment planning, and monitor
disease progression [75,76]. For the diagnosis of PD, clinical
practice relies on a variety of assessment tasks to ensure a
comprehensive evaluation of the patient’s condition [77]. These
tasks include both traditional clinical examinations and the
application of advanced technological methods [63,77,78].

Among the studies included in this review, 6 directly used
existing clinical assessment tasks, including Unified Parkinson's
Disease Rating Scale (UPDRS), MDS-UPDRS, and the timed
up and go (TUG) test, for wearable sensor assessments. The
UPDRS s acomprehensive tool for monitoring the burden and
extent of PD [79]. Sigchaet a [58] selected 6 items of UPDRS
in conjunction with accelerometersto assess and quantify tremor
in early-stage PD. The MDS-UPDRS, an updated version of
the UPDRS, is a comprehensive tool developed by the
Movement Disorder Society [79]. It consists of 4 components,
3 of which focus on motor examination, evaluating various
aspects of motor function through 18 subitems [79]. Rovini et
al [54] and Di Lazzaro et al [55] selected 10 and 7 tasks (Table
1), respectively, from the MDS-UPDRS |11 in their studies to
evaluate motor symptoms. tremor, gait, posture, and
bradykinesia. The self-devel oped platform used by Rovini et al
[54] (SensHand V1) is capable of measuring participants' finger
movements, allowing them to evaluate a wider range of items.
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The TUG test, selected by Lin et al [60] and Shcherbak et a
[64] as part of their assessment task, is a clinically validated
method used to assess mobility and dysfunction in patientswith
PD [80,81]. Its duration was significantly correlated with
MDS-UPDRS 11 scores[82].

Other studies, while not directly using clinical assessment tasks,
used methods similar to or variations of the MDS-UPDRS 111
tasks. For example, the“ Quiet stancefor 30 seconds’ assessment
task used by Borzi et a [36] is akin to item 13 of the
MDS-UPDRS II: “Posture”

Data Analysis

Thisreview categoriesthe dataanalysis methods used in the 12
selected studies into 3 key areas. feature extraction, algorithms
or models, and performance metrics.

Feature extraction involves deriving meaningful attributesfrom
rav sensor data to quantify various aspects of motor and
nonmotor ability. Most research has focused on extracting
features that reflect motor abilities, including tempora and
spatial characteristics of tasks, such as gait, balance, and finger
tapping, along with corresponding time and frequency features.
For example, Aroraet al [53] extracted featuresrelated to finger
tapping, gait, and balance. Some studies have focused on
specific motor features in patients with PD through clinical
experiments. For instance, Di Lazzaro et a [55] examined
features such astremor power amplitude, bradykinesiaamplitude
asymmetry, step count, twitching, and sway area in gait and
posture using the MDS-UPDRS |11 and TUG test. In addition,
continuous real-world mobility data have been used to assess
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motor function. For example, Schalkamp et a [63] monitored
participants continuously over 24 hours a day for 7 days via
accelerometers to obtain daily and hourly averages of physical
activity levels, which were then used to identify individuals
with PD and those in the pre-PD stage.

While most studies have focused on motor function features,
some have also addressed nonmotor function features, such as
voice, response, and sleep. For instance, Arora et a [53]
extracted features of the voice and reaction time of participants
through amicrophone and timer on a smartphone, respectively.
Schalkamp et a [63] analyzed physical activity datato extract
deep features from participants.

The agorithms and models used in all 12 studies included in
this review primarily consist of machine learning techniques
(Table 3). As shown in Tables 2 and 3, most studies (11/12,
92%) aimed to distinguish PD or pre-PD from healthy
individuals or those with related conditions. The remaining
study (1/12, 8%) aimed to detect and identify the presence of
the specific symptom: tremor from motion data [58]. All of
these are classification problems. Consequently, most of the
algorithms and models used are those commonly used for
classification. SVM appeared in 4 studies, while random forest
(RF) was used in 3 studies; they were the two most frequently
used algorithms. SVM can handle high-dimensional data and
is robust [83,84], while RF efficiently reduces the risk of
overfitting and is suitable for multi-feature classification tasks
containing noise, as applied by Rovini et al [54] and Shcherbak
et a [64].
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Table 3. Artificial intelligence models used in each included study and performance.

Lietd

All models and performance

Study Algorithms tested Best-performing Performance (best)
model

Aroraetal [53] Rpa RF HCP versus PDS: sens®=84.6% and spec®=88.3%,
iRBD' versus PD: sens=87.5% and spec=90.1%,
and HC versus iRBD: sens=91.9% and
spec=90.0%

F;ZVi ni et al svMY (polynomial  RF Acc=1.000 (HC versus PD) and F1-score=0.920

(54 kernel) and RF (HC versus IH' versus PD)

Borzieta [36] SVM SVM Acc=100% (n=16, possible overfitting)

DiLazzaroeta SVM SVM Acc=97%

[55]

Sushkovaetad SVM and RF RF Acc=94%

[57]

g g]Cha etal CNNJ (multitask) ~ CNN Acc=97% and AUC=0.96

Castelli Gatti- SVM, ANNI, kNNm, SVM Acc=95%

naraDi Zubiena n

etdl [59] and DT

Linetal [60] SVM SVM Acc=91%

Mengeta [61] SVM SVM AUC>0.65

Miredmaneta | Ro LR Acc=81.1% and AUC=0.87 (HC versus PD)

[62]

Schalkampetal LR LR PD: AUPRCP=0.14 +0.04 or —0.04, pre-PD:

[63] AUPRC=0.07 +0.03 or —0.03

Shcherbak et a LightGBMY and RT LightGBM F1-score=0.83 (HC versus PD1), F1-score=0.86

[64] (HC versus PD2), F1-score=0.78 (PD1 versus

RF only

SVM: Acc=0.967and
F1-score=0.778 and RF:
Acc=1.000andF1-score=0.920

Only SVM tested
Only SVM tested

SVM: Acc=89% and RF:
Acc=94%

Only CNN tested

SVM: Acc=95%, kNN: Acc=86%,
DT: Acc=83%, and ANN:
Acc=84%

Only SVM tested
Only SVM tested
Only LR tested

Only LR tested

Only LightGBM results reported;
RF not presented

PD2)

8RF: random forest.
bHC: health control.
PD: Parkinson disease.
dsens: sensitivity.

€spec: specificity.

fiRBD: idiopathic rapid eye movement sleep behavior disorder.
9SVM: support vector machine.

hacc: accuracy.

iIH: idiopathic hyposmia.

JCNIN: convolutional neural network.

KAUC: areaunder the curve.

IANN: artificial neural network.

MKNN: k-nearest neighbor.

"DT: decision tree.

OLR: logistic regression.

PAUPRC: area under precision recall curve.

ALightGBM: light gradient boosting machine.

Other methods include lasso logistic regression for continuous
monitoring data, as used by Schalkamp et al [63], and fine
k-nearest neighbor for specific feature spaces, as applied by
Castelli GattinaraDi Zubienaet a [59] duetoitssimplicity and
efficiency. In addition, Shcherbak et a [64] used light gradient
boosting machine, noted for its speed and performance on large
datasets. Sigcha et a [58], by contrast, used multitask
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convolutional neural network (CNN) to classify and identify
tremor in early PD from complex motion data captured by
accelerometers.

Performance metrics are critical for evaluating the validity of
thealgorithms and models. Common metrics used in the sel ected
studiesinclude accuracy, sensitivity, specificity, and area under
the curve (AUC). Studies generaly report high accuracy and
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specificity, indicating the reliability of these models. Rovini et
al [54] reported 100% accuracy and specificity in distinguishing
between healthy individuals and those with individuals PD,
while Di Lazzaro et a [55] reported 97% accuracy for RF.
Schalkamp et al [63] used area under precision recall curve to
evaluate the performance of the model in their longitudinal
study. Compared to AUC, area under precision recall curve
focuses more on the precision (positive predictive value) and
sensitivity of the positive class[63,85], making it more suitable
for dealing with unbalanced datasets. The results show that
machine learning models trained using accelerometer data
outperform some other testing modalities (eg, genetics, lifestyle,
blood biochemistry, and prodromal signs) in diagnosing patients
with PD or pre-PD.

Discussion

RQ 1. What Types of Wearable Sensors Are Being
Used for the Early Diagnosis of PD?

Inthe 12 selected studies, researchers primarily used IMUs and
accelerometers as wearable sensors for the early diagnosis of
PD. In addition, a small number of studies used EMG as well
as wearable sensors such as timer and microphone integrated
into smartphones.

IMUs were the most frequently chosen wearable platform,
featuring in 67% (8/12) of the studies. In 6 (75%) of these 8
studies, motor characteristics were measured during specific
actions. Researchers placed the IMUs on various parts of the
body, including the wrist, waist, feet, and hands, to obtain
motion data under specific actions to reflect whether the
participants exhibited the motor symptoms of patients with
early-stage PD, including gait, balance, and tremor. A common
feature of these studies is the use of clinical assessments in
combination with dedicated wearable platforms and multiple
IMUsused simultaneoudly. Thisapproach, although prescriptive
in terms of movement form and demanding in terms of testing,
allows for the testing of al types of typical motor symptoms
associated with PD.

Accelerometer isthe other main sensor of choice, and the studies
involved include both clinical testing modalities and long-term
monitoring. Accelerometer ischaracterized by the small number
of sensors used, with 3 studies [58,62,63] involving a single
location, making them suitable for real-time monitoring in the
real world. For example, Schalkamp et al [63] used wrist-worn
accelerometersfor 7 days of continuous monitoring.

Overdl, it can be noted that most wearable sensors in the
selected studies were motion data sensors. However, there are
also a variety of sensors that may have applications in early
diagnostic studies of PD that were not identified in theincluded
studies, especially for monitoring nonmotor symptomsin early
PD. For example, pressure sensors, e ectroencephalography
(EEG), and photoplethysmography (PPG) volumetric tracing
sensors. Wearable pressure sensors, for instance, may be used
to monitor not only motor symptoms, such as gait and tremor
in early-stage PD [86], but also nonmotor symptoms.
Gastrointestinal problems (eg, constipation) are one of the
common nonmotor symptoms in early-stage PD [87]. Tai et d
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[88] designed a wearable pressure sensor using conductive
hydrogel spheres, which could theoretically be used to monitor
autonomic function in the gastrointestinal tract.

The use of EEG in the early diagnosis of PD has been widely
demonstrated [89-91]. EEG was included in the initial search
strategy due to the theoretical applicability of wearable EEG
devices in real-world, mobile health monitoring scenarios.
However, the EEG platforms used in the studies included in
thisreview were clinical-grade systems, that is, multielectrode,
multichannel amplifiers with lead caps[89-91]. These types of
EEG platforms severely restrict the participant’s physical
activity when in use and, therefore, do not fall into the category
of wearable sensors. In recent years, wearable EEG platforms
have matured in terms of design, development, and practical
application [92,93], and thus, wearable EEG can theoretically
be applied to the early diagnosis of PD. However, existing
wearable EEGs has significantly fewer electrodes compared to
clinical EEG platforms. Asaresult, they are inferior to clinical
EEG platforms in terms of spatial resolution of signa
acquisition, signal quality, and stability. These differences may
present limitations in application in early diagnosis of PD. The
PPG sensor isawearabl e sensor that measures changesin blood
volume in tissue microvascular beds [94]. Applications in
electrocardiography, heart rate, and blood pressure monitoring
have attracted attention and have been used in smart platforms
such as smartwatches and smartphones to detect physiological
indicators and for disease diagnosis[94-96]. For example, Riaz
et a [97] used PPG in combination with neural networks to
noninvasively estimate blood pressure in participants, and Lan
et a [98] analyzed heart rate variability signalsacquired by PPG
in both time and frequency domains to predict hypertension.
Although no studies have applied PPG sensors specifically for
the early diagnosis of PD, some have explored the relationship
between heart rate variability, blood pressure, and early
diagnosis of PD [99,100]. Therefore, PPG sensors have the
potential to be applied to the early diagnosis of PD.

RQ 2: What Methods and Technologies Are Used in
These Studies, Including Wearing Styles, Typesof Data
Acquired, and Methods of Data Analysisand
Processing?

From the results, it can be observed that the wearable sensors

involved in the studies of early diagnosis of PD used a variety
of wearing styles, data types, and data analysis.

Wearing Styles

The placement and design of wearable sensors are critical for
accurate data collection. The sensors used in the studies were
worn in various ways, either distributed across the body (eg,
the wrist, waist, feet, head, and hands) or in a single location.

Thewearing styles used in different studies correlate with their
target data type and the early symptoms of PD.

For example, studies by Rovini et a [54] and Sushkova et a
[57] have shown that placing IMUs on the hands or fingers can
measure fine motor movements to monitor bradykinesia and
tremor, which are symptoms of PD. Conversely, Borzi et al [36]
and Lin et a [60] placed IMUs on the feet and waist to assess
gait and balance. Comprehensive body assessment requires
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placing sensors on multiple parts of the body, as seen in the
studiesby Di Lazzaro et al [55] and Meng et al [61], who placed
sensors on the upper back, lower back, upper arms, forearms,
thighs, calves, and feet to detect multiple motor symptoms of
PD. For conditions requiring continuous ng, sensorswere
placed at a single location to capture daily activities without
disturbing the participants; for example, Schalkamp et a [63]
used wrist-worn sensors, while Mirelman et al [62] placed
sensors on the lower back.

Types of Data Acquired

The wearable sensors used in the studies collected a variety of
data types, including motion data, such as acceleration and
angular velocity, as well as physiological parameters, such as
EMG [57], voice, and reaction time [53]. Motion data, acquired
by IMUs and accelerometers, reflect various motor symptoms
in PD, such as gait, balance, tremor, and bradykinesia. EMG
sensors record muscle electrical signals to understand muscle
activity and tremor. Timers, microphones, and touch screen
sensors in smartphones are used to acquire speech and reaction
time datato detect nonmotor symptomsof PD, such asdysarthria
and cognitive dysfunction.

Methods of Data Analysis and Processing

Feature extraction is a crucia initial step in studies involving
wearable sensors, asit involves extracting meaningful attributes
from the raw data acquired by the sensors. As shown in Table
1, thefeatures chosen for extraction in various studies arerelated
to symptoms commonly observed in early-stage PD. For
example, when ng motor symptoms such as gait, balance,
and tremor in PD, the extracted featuresinclude features of time
and frequency and specific features.

Borzi et a [36] extracted features of time and frequency to
classify healthy individuals and those with early-stage PD. Lin
et a [60], using IMUs combined with the TUG test, extracted
specific features—such as arm symbolic symmetry index,
stand-to-sit trunk minimum, lean angle, sit-to-stand trunk
maximum sagittal angular velocity, and 180° turn maximum
sagittal angular velocity—to distinguish early-stage PD from
essential tremor. However, the features selected in different
studies vary somewhat and lack uniformity, indicating that the
consistency and standardization of feature extraction need to
be addressed.

Machine learning is widely used in research to improve
classification accuracy. According to research findings, SVM
and RF are the most used and best-performing algorithms in
existing studies. It isimportant to note that multiple algorithms
are usualy tested in research, with the optimal results being
selected. For example, Di Zubiena et al [59] attempted to
classify individual swith early-stage PD and healthy individuals
using k-nearest neighbor, decision tree, SVM, and artificial
neural network. The resultsindicated that SVM performed the
best. Conversely, logistic regression models were chosen for
classification by 2 studiesinvolving continuous monitoring data
due to their speed and performance on large datasets.

In addition, deep learning models such as CNN have been used
for the representation and classification of complex data. Sigcha
et a [58] used multitasking CNN to classify the tremor in
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early-stage PD from accel erometer data, illustrating the potential
of deep learning in early diagnosis.

RQ 3: What Arethe Accuracy, Reliability, Utility, and
Limitationsof Wear able Sensorsin theEarly Diagnosis
of PD?

The 12 selected studies used various wearable sensors and
methods to evaluate the accuracy, reliability, and utility of
wearable sensors in the early diagnosis of PD for different
purposes.

Accuracy and Reliability

The results of these studies indicate that wearable sensors
achieve high accuracy and reliability in the early diagnosis of
PD, including screening, differential diagnosis, and graded
diagnosis of early-stage PD or pre-PD. For example, in
screening, Schalkamp et al [63] found that wearable sensors
(accelerometer) outperformed genetics, lifestyle, blood
biochemistry, and prodroma signs in terms of diagnhostic
accuracy for early-stage PD or pre-PD through along-term (7
years) follow-up study. Regarding differential diagnosis, Arora
et al [53] used varioustypes of wearable sensors (IMUs, timers,
microphones, and touchscreen sensors) integrated into
smartphones and analyzed using RF. They achieved asensitivity
of 87.5% and a specificity of 90.1% in distinguishing early-stage
PD from iRBD.

However, there were variationsin accuracy between the studies,
which may be attributed to the use of different wearable sensors,
assessments, and data analysis methods. In addition, the
reliability resultsreported in the studies may have been affected
because 83% (10/12) of the studies were cross-sectional and
did not include the undiagnosed group, and 7 (58%) studies had
small sample sizes.

Utility

Most of the studies (10/12, 83%) were experimental
investigations of wearable sensors for the early diagnosis of
PD. The tests used in these studies were complex, involving
multiple clinical tests, multilocation sensors, large amounts of
dataacquisition, and intricate dataanalysis. For example, inthe
study by Di Lazzaro et a [55], participants were required to
complete 7 tests, each involving different IMU placements and
guantities. During the TUG test, up to 9 IMUs were placed at
different locations on the body. These complex tests may affect
the portability and simplicity of wearable sensors in clinical
settings, limiting their usefulness.

However, 2 studies used wearable sensors placed at a single
body location and conducted testing in nonclinical settings. For
example, Mirelman et a [62] used an accelerometer to
continuously monitor participantsin real-world settings for 24
hours a day over 7 days, achieving high screening accuracy
(health control/PD: AUC=0.87). This study fully used the
portability, simplicity, and continuous monitoring capabilities
of wearable sensors and showed the potential of wearable
sensorsfor real-world applicationsin the early diagnosisof PD.
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Limitations and Prospect

Onthebasis of the 12 selected studies, it is evident that wearable
sensors have significant potential for the early diagnosis of PD,
though there are some limitations. First, as the research on
wearable sensorsfor early PD diagnosisistill inthe exploratory
experimental phase, most of the studies (10/12, 83%) used a
cross-sectional design, meaning data were collected at asingle
time point. Cross-sectional design limits the ability to assess
the effectiveness and stability of wearable sensorsfor early PD
diagnosis. Furthermore, the lack of longitudinal or mixed
methods studies highlights a significant gap in understanding
the long-term effectiveness and stability of wearable sensorsin
the early diagnosis of PD. In addition, these cross-sectional
studies did not include the creation of unknown diagnostic
groups, meaning the generalizability of the modelsto untested
datasets was not validated, which could lead to adeclinein the
predictive performance of the modelsin real-world applications,
especialy when accuracy and reliability are difficult to ensure
with undiagnosed populations[101]. Although cross-validation
was used in all cross-sectional studies, it has been shown that
cross-validation cannot fully replace the need to introduce
unknown diagnostic groups [102].

Second, the sample size of patients with early-stage PD in the
7 studieswas <30, which constitutesasmall sasmplesize. Small
sample sizes can lead to statistical issues, reduce the ability to
detect meaningful differences, and increase the risk of type |
and type Il errors [103]. Moreover, small sample sizes suffer
from data underrepresentation, overfitting, and unpredictable
errors in machine learning models [104]. For example, Borzi
et a [36] achieved 100% accuracy in classifying patients with
early-stage PD and healthy individuals with their developed
model, but they only had 16 patients with early-stage PD, which
does not exclude the risk of overfitting.

Furthermore, early-stage PD exhibits motor and nonmotor
symptoms, such as loss or diminution of smell, sleep
disturbances, constipation, and tremor [17,20].

Among the 12 included studies, 9 (75%) focused on motor
symptoms, such as gait, tremor, postura instability, and
bradykinesia. The remaining 3 studies (25%) [53,63,64]
examined both motor and nonmotor symptoms, including voice,
reaction time, sleep indicators, and physical activity. This
distribution indicates that the existing literature predominantly
emphasizes motor symptoms of PD, whereas nonmotor
symptoms remain relatively underexplored. This may be due
to the selected studies predominantly using sensorsthat acquire
motor data. Future studies should consider using wearable
sensors capable of detecting nonmotor symptoms, such as
wearable EEG and PPG sensors.

Current studies have not adequately demonstrated the application
of wearable sensorsfor the early diagnosis of PD. The methods
used in existing studies, including wearing styles, assessment,
and data analysis techniques, have limitations based on their
research content and are challenging to expand to clinical
diagnostic applications [105]. There are differences among
studies in the selection of testing methods, sensor placement,
and data collection and analysis, which makes it difficult to
compare experimental results and promote their use across a
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broad population, except for some impact on individual case
diagnosis.

In addition, the portability of wearable sensorsis an advantage
in the early diagnosis of PD, enabling real-time monitoring in
real-world settings. However, the 12 selected studies had alow
likelihood of real-world application dueto variousissues. In 10
(83%) of these 12 studies, limitations in sensor placement,
assessments, and platforms used restrict their usein laboratories
or hospitals. For example, Meng et a [61] and Di Lazzaro et al
[55] used whole-body multisite wearables. Sigcha et al [58]
used a single location and a commercially available smart
platform; their testing method used the clinical testing program
UPDRS, which requires professional testers (medical personndl),
limiting itspracticality for real-world application. Theremaining
2 studies[62,63] used asingle sensor placement and areal-time
testing approach, but the testing platforms were specialized
research testing platforms, reducing their potential for practical
application.

Finally, among the selected studies, Al, including machine
learning and deep learning algorithms, has been increasingly
adopted to enhance the diagnosis of early PD using wearable
sensors. While these methods have demonstrated advantages
in handling high-dimensional time-series data collected from
complex wearable devices, their current applications remain
largely exploratory. The agorithmsused in the reviewed studies
vary gignificantly in terms of algorithm selection, feature
extraction, and evaluation approaches, which limits
comparability and generalizability. Furthermore, most studies
are based on relatively small sample sizes, increasing the risk
of overfitting and reducing model robustness. In addition, few
Al-based models have been validated in real-world or
longitudinal settings.

To complement the studies included in this review, we further
examined recent publications in 2024 that explored the use of
wearable sensors for diagnosing the early stage of PD. Among
these, 2 studies met the inclusion criteria in our systematic
review.

Thefirst study, by Adamset al [106], recruited 82 patientswith
early-stage PD (H& Y scale score <2; disease duration <2 years)
and 50 healthy controls. Participants were followed
longitudinally for 12 months using commercial smartwatches
and smartphones. RF classification was developed based on
data, achieving high diagnostic performance with an accuracy
of 92.3%, sensitivity of 90.0%, and specificity of 100%. This
study contributes significantly to the limited number of
longitudinal studies.

The second study, by Choi et al [107], used the Xsens (IMUs)
to collect data during the 6-minute walk test from 78 patients
withPD (H&Y scale score<?). CNN was used to model signals
from multiple body locations, with gyroscope data from the
lumbar region achieving the highest classification accuracy of
83.5%.

In contrast, several other recent studies exhibited significant
limitations in participant selection [108-110]. These studies
either failed to restrict participants to early-stage PD or did not
provide sufficient clinical staging and medication information.
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Although methodologically innovative and indicative of the
promise of wearable sensorsand Al for diagnosing PD, thelack
of strict control over disease staging compromises the clinical
interpretability and comparability of their findings. These
observations highlight the critical importance of accurate
participant staging and sample homogeneity in wearabl e sensor
research on the early diagnosis of PD.

Future Directions

Future research may benefit from using more longitudinal or
mixed methods designs to investigate the long-term utility and
diagnostic stability of wearable sensors in the early detection
of PD. Broadening the scope to include nonmotor symptoms
could contributeto amore comprehensive diagnostic framework.
In addition, integrating diverse sensing modalities and
encouraging standardization in sensor placement and data

Lietd

processing may enhance comparability across studies. When
exploring real-world applications, researchers are encouraged
to design sensor placement and assessment tasks that remain
simple and practical enough for usein everyday environments,
avoiding unnecessary complexity that could hinder usability.

Conclusions

This study summarizes the research on the use of wearable
sensors for the early diagnosis of PD over the past decade. The
findings highlight the considerabl e potential of wearable sensors
in this area. Nevertheless, the existing studies are limited by
cross-sectional designsand small sample sizes, which may affect
the generalizability and clinical applicability of their results.
Future research should prioritize longitudina and clinically
validated approaches to further establish the diagnostic value
of wearable sensorsin early-stage PD.
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