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Abstract

Background: Wearable sensor technologies, such as inertial measurement units (IMUs), smartwatches, and multi-sensor
systems, have emerged as valuable tools in clinical and real-world health monitoring. These devices allow continuous, non-
invasive tracking of gait, mobility, and functional health across a variety of populations. However, significant challenges remain,
including variability in sensor placement, data processing methodologies, and insufficient validation in real-world settings.

Objective: This systematic review aims to evaluate recent literature on the clinical and research applications of wearable
sensors. Specifically, it investigates how these technologies are used to assess mobility, predict disease risk, and support
rehabilitation. It also identifies limitations and proposes future research directions.

Methods: The review was conducted according to PRISMA guidelines. A comprehensive search of PubMed, Scopus, and Web
of Science databases was performed for studies published in the past ten years. Inclusion criteria focused on studies using
wearable sensors in clinical or real-world environments. A total of 30 eligible studies were identified for qualitative synthesis.
Data extracted included study design, population characteristics, sensor type and placement, machine learning algorithms, and
clinical outcomes.

Results: Among the reviewed studies, observational designs were the most common (43.3%), followed by experimental studies
(26.7%) and randomized controlled trials (10%). IMU-based sensors were used in 66.7% of studies, with wrist-worn devices
being the most common placement (43.3%). Machine learning techniques were frequently applied, with random forest (20%) and
deep learning (16.7%) models predominating. Clinical applications spanned Parkinson’s disease, stroke, multiple sclerosis, and
frailty, with several studies reporting high predictive accuracy for fall risk and mobility decline (AUROC up to 0.919, p < 0.05).

Conclusions: Wearable sensors demonstrate strong potential for enhancing mobility monitoring, disease risk assessment, and
rehabilitation tracking in both clinical and real-world settings. However, challenges remain in standardizing sensor protocols and
data analysis. Future research should focus on large-scale, longitudinal studies, harmonized machine learning pipelines, and
integration with cloud-based health systems to improve scalability and clinical translation.
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Abstract

Background:  Wearable  sensor  technologies,  such  as  inertial  measurement  units  (IMUs),

smartwatches, and multi-sensor systems, have emerged as valuable tools in clinical and real-world

health  monitoring.  These  devices  allow continuous,  non-invasive  tracking of  gait,  mobility,  and

functional health across a variety of populations. However, significant challenges remain, including

variability in sensor placement, data processing methodologies, and insufficient validation in real-

world settings.

Objectives:  This systematic review aims to evaluate recent literature on the clinical and research

applications  of wearable sensors. Specifically,  it  investigates  how these technologies  are used to

assess  mobility,  predict  disease  risk,  and support  rehabilitation.  It  also identifies  limitations  and

proposes future research directions.

Methods: The review was conducted according to PRISMA guidelines. A comprehensive search of

PubMed, Scopus, and Web of Science databases was performed for studies published in the past ten

years.  Inclusion  criteria  focused  on  studies  using  wearable  sensors  in  clinical  or  real-world

environments. A total of 30 eligible studies were identified for qualitative synthesis. Data extracted

included  study  design,  population  characteristics,  sensor  type  and  placement,  machine  learning

algorithms, and clinical outcomes.

Results:  Among  the  reviewed  studies,  observational  designs  were  the  most  common  (43.3%),

followed  by  experimental  studies  (26.7%)  and  randomized  controlled  trials  (10%).  IMU-based

sensors were used in 66.7% of studies, with wrist-worn devices being the most common placement

(43.3%). Machine learning techniques were frequently applied, with random forest (20%) and deep

learning (16.7%) models predominating. Clinical applications spanned Parkinson’s disease, stroke,

multiple sclerosis, and frailty, with several studies reporting high predictive accuracy for fall risk and

mobility decline (AUROC up to 0.919, p < 0.05).

Conclusion:  Wearable  sensors  demonstrate  strong  potential  for  enhancing  mobility  monitoring,
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disease risk assessment, and rehabilitation tracking in both clinical and real-world settings. However,

challenges remain in standardizing sensor protocols and data analysis. Future research should focus

on large-scale,  longitudinal  studies,  harmonized machine learning pipelines,  and integration  with

cloud-based health systems to improve scalability and clinical translation.

Keywords:  wearable  sensors;  health  monitoring;  systematic  review;  gait  analysis;  rehabilitation;

mHealth
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Introduction

Wearable sensors have gained significant attention in clinical research and healthcare for their ability

to provide continuous, real-world assessments of mobility and physiological health. These devices,

including inertial measurement unit (IMU)-based sensors, smartwatches, and multi-sensor systems,

have transformed traditional gait and activity monitoring by enabling remote, non-invasive tracking

of  movement  patterns  and  health  status.[1] The  integration  of  advanced  analytics,  particularly

machine  learning,  has  further  enhanced  their  diagnostic  and  predictive  capabilities,  positioning

wearable sensors as key tools in digital health and precision medicine.[2]

Gait analysis and mobility tracking have been central to wearable sensor applications, particularly in

neurological, musculoskeletal, and age-related conditions. In Parkinson’s disease, wearable sensors

have been used to detect subtle changes in gait speed, stance/swing phase durations, and postural

instability,  aiding  in  early  disease  detection  and  progression  monitoring.  Similarly,  in  stroke

rehabilitation, these sensors enable remote assessment of motor recovery, providing clinicians with

continuous  data  on  patient  mobility  outside  traditional  clinical  settings.[3] Moreover,  wearable

sensors  have  demonstrated  high  efficacy  in  frailty  assessment  and  fall  risk  prediction,  offering

objective,  real-time alternatives  to conventional  tools such as the Performance-Oriented Mobility

Assessment (POMA) and the Timed Up and Go (TUG) test.

Despite their growing clinical adoption, several challenges hinder the widespread implementation of

wearable  sensor  technology.  Variability  in  sensor  placement,  study  methodologies,  and  data

processing techniques  limits  cross-study comparability  and reproducibility.[4] Additionally,  while

controlled  laboratory  studies  have  validated  their  accuracy,  real-world  validation  remains

insufficient,  necessitating  further  large-scale,  longitudinal  studies  to  assess  their  usability  and

reliability  across  diverse  populations.[5] Furthermore,  standardization  of  machine  learning

frameworks  and  data  interpretation  methodologies  is  essential  to  ensure  consistent  clinical

application.[6]
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This systematic review aims to provide a comprehensive evaluation of wearable sensor research,

analyzing their clinical applications, technological advancements, and methodological challenges. By

synthesizing evidence from recent studies, we highlight key trends in wearable sensor utilization,

discuss their implications for healthcare, and propose future directions to enhance their impact in

mobility monitoring and rehabilitation.

Methods

1. Study Design 

This  systematic  review  was  conducted  in  accordance  with  the  Preferred  Reporting  Items  for

Systematic Reviews and Meta-Analyses (PRISMA) guidelines. Figure 1 illustrates the flow of study

selection. The  review  focused  on  studies  published  in  the  last  10  years  that  investigated  the

applications  and  effectiveness  of  wearable  sensors,  including  smartwatches,  in  remote  health

monitoring,  rehabilitation,  and  disease  assessment.  Full-text  articles  were  included  to  ensure  a

comprehensive analysis. The primary aim was to synthesize evidence on the clinical and research

applications of wearable sensors, particularly their utility in gait analysis, fall risk assessment, and

disease monitoring. Given the heterogeneity of the included studies, findings were categorized and

synthesized narratively, with an emphasis on disease-specific insights and sensor utilization trends.

2. Search Strategy 

A comprehensive database search was performed across PubMed, Scopus, and Web of Science. The

initial  search  yielded  4226  records.  After  removing  duplicates  and  studies  unrelated  to  clinical

applications (n = 3664), 562 articles remained for screening. Studies focusing solely on technical

performance comparisons (n = 501) were excluded, leaving 61 articles for eligibility assessment. An

additional 31 studies were excluded due to limited relevance to disease-related applications, resulting

in 30 studies included in the final review. The search was finalized on March 9, 2025.

https://preprints.jmir.org/preprint/76084 [unpublished, non-peer-reviewed preprint]
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3. Selection Process

The study selection and data extraction were conducted by a single researcher, which may introduce

potential bias. To mitigate this, a predefined protocol was strictly followed, and eligibility criteria

were consistently applied to all studies. Additionally, any uncertainties during the selection process

were resolved by re-evaluating studies against the inclusion criteria to ensure consistent decision-

making. The absence of independent reviewers is acknowledged as a limitation of this study. Data

extraction  was  performed  manually  using  a  standardized  data  extraction  form.  No  independent

reviewers cross-checked the extracted data, which is acknowledged as a limitation. If critical data

were missing or unclear, attempts were made to contact study authors for clarification. However, no

automation tools were used in the data collection process.

4. Participant Selection

The included studies targeted diverse populations, including healthy adults, older individuals, and

patients diagnosed with neurological disorders (e.g.,  stroke, Parkinson’s disease), musculoskeletal

disorders (e.g., sarcopenia, osteoarthritis), or metabolic conditions (e.g., diabetes). Participants were

selected based on their ability to walk independently and willingness to provide informed consent.

Studies that lacked clear definitions of participant conditions or did not include standard gait analysis

metrics were excluded to maintain consistency.

5. Wearable Sensor Technology

The  wearable  sensors  reviewed  featured  advanced  components  such  as  high-precision

accelerometers, gyroscopes, and pressure sensors. These sensors enabled the accurate capture of key

gait and mobility parameters, including step length, stance/swing phase durations, plantar pressure

distribution, and center of pressure (CoP). Smartwatches were primarily used for activity tracking

and remote monitoring, while Wearable Sensors and foot-mounted sensors were specialized for gait

and postural assessments. The wearable devices were designed to integrate seamlessly into daily life,

ensuring high usability and real-world applicability.

https://preprints.jmir.org/preprint/76084 [unpublished, non-peer-reviewed preprint]
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6. Data Acquisition and Analysis

Data were collected  using a  variety  of  wearable  sensor systems,  including IMUs,  smart  insoles,

smartwatches,  and  pressure-sensing  devices.  These  sensors  were  placed  at  different  anatomical

locations, including the wrist, waist, ankle, thigh, lumbar spine, and foot, depending on the study

objective.  The  IMU  sensors  incorporated  accelerometers,  gyroscopes,  and  magnetometers  with

sampling rates ranging from 10 Hz to 1149 Hz, depending on the device and measurement context.

Pressure-sensitive  insoles  provided  additional  biomechanical  insights  through  plantar  pressure

distribution and force-time characteristics.

Data  were  transmitted  wirelessly  via  Bluetooth  or  cloud-based  platforms,  enabling  real-time

monitoring and digital biomarker extraction. Embedded preprocessing algorithms were applied to

reduce noise, improve signal quality,  and enhance feature extraction accuracy. Studies employed

various machine learning techniques, including random forest (20%), deep learning (16.7%), elastic

net regression (13.3%), and principal component analysis (6.7%), for pattern recognition, mobility

classification, and disease risk prediction.

The methodological quality of the included studies was systematically evaluated using appropriate

assessment  tools  based on the study design.  The Newcastle-Ottawa Scale  (NOS) was applied to

prospective cohort studies, while the Joanna Briggs Institute (JBI) Critical Appraisal Checklist was

used for observational, cross-sectional, and experimental studies. For randomized controlled trials

(RCTs), the Cochrane Risk of Bias 2 (RoB 2) tool was used to ensure a robust evaluation of study

quality.  Results  of the quality  assessment  guided the interpretation of the reliability  and clinical

applicability of findings.

7. Ethical Considerations

All  studies  included adhered  to  ethical  standards  for  human research.  Institutional  review board

approvals  and  informed  consent  were  obtained,  ensuring  compliance  with  the  Declaration  of

Helsinki. Data privacy and participant well-being were prioritized throughout the study.

https://preprints.jmir.org/preprint/76084 [unpublished, non-peer-reviewed preprint]
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Results

1. Study Design and Population Characteristics

Among the analyzed studies, the most frequently used research design was prospective observational

studies, accounting for 43.3% of the total. Experimental studies comprised 26.7%, while randomized

controlled trials (RCTs) were limited to 10%. Cross-sectional studies and cohort studies accounted

for  13.3%  and  6.7%,  respectively.  Observational  studies  were  the  most  common  due  to  their

feasibility in wearable sensor-based research, while experimental studies played a significant role in

validating  sensor-based  assessments.  RCTs  were  relatively  scarce,  indicating  a  lack  of  rigorous

intervention-based evaluations using wearable sensors. Cohort studies were included in long-term

monitoring applications.

The studies focused on various populations,  with healthy adults  being the most common subject

group, as summarized in Table 1. Studies involving neurodegenerative diseases such as Parkinson’s

disease (PD), stroke, Huntington’s disease (HD), and multiple sclerosis (MS) were also prevalent.

Healthy adults were often included for sensor validation and reliability assessment, while studies on

neurodegenerative  diseases  primarily  aimed  at  mobility  and functional  monitoring.  Research  on

frailty in older adults (13.3%) focused on mobility assessment, balance, and fall risk analysis. The

reviewed  studies  covered  a  wide  range  of  age  groups  and  health  conditions.  Studies  involving

healthy  adults  typically  included  participants  from  early  adulthood  to  middle  age,  with  some

extending to adolescent and pediatric populations. Research on neurodegenerative diseases such as

Parkinson’s disease and Huntington’s disease focused primarily on older adults, while cardiovascular

diseases and frailty-related studies involved elderly participants.  Certain studies targeted  specific

conditions such as osteoarthritis, rheumatoid arthritis, multiple sclerosis, cystic fibrosis, stroke, and

spinal  cord  injury,  highlighting  the  diverse  application  of  wearable  sensors,  particularly
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smartwatches,  in  different  clinical  populations.  The distribution  of  male  and female  participants

varied across studies, with some research focusing specifically on sex-based differences in sensor

performance and health monitoring.

https://preprints.jmir.org/preprint/76084 [unpublished, non-peer-reviewed preprint]
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Table 1. Summary of Study Populations in Reviewed Research

Reviewed Studies
Age  (Mean  ±  SD  or
Range)

Sex (Male/Female) Health Status

Bolam SM et al., 2021[7] 66.8 ± 7.0 6 / 8 Knee Osteoarthritis
Angelucci A et al., 2023[8] 26.8 (23–54) 9 / 11 Healthy adults
Greene BR et al., 2021[9] PD1: 67.3, PD2: 64.9 27 / 17 Parkinson’s Disease
Gordon  MF  et  al.,
2019[10]

51 (33–74) 9 / 8 Huntington’s Disease

Presley  BM  et  al.,
2023[11]

13–24 6 / 12 Healthy  adults  &
adolescents

De  Cannière  H  et  al.,
2020[12]

63 65 / 24 CVD, Heart Failure

Nunes AS et al., 2024[13]
HD:  51.9,  pHD:  36.5,
CTR: 58.9

8 / 8 (HD group) HD, pre-HD, Controls

Mahadevan  N  et  al.,
2020[14]

Ctrl:  44.1 (23–69), PD:
68.3 (46–79)

Ctrl: 27 / 33; 
PD: 23 / 12

Parkinson’s Disease

Seo NJ et al., 2024[15]
61 (49–73) 12 / 7 Stroke  (Upper  limb

hemiparesis)
Odhiambo  CO  et  al.,
2023[16]

27.25 (20–56) 16 / 12 Healthy adults

Hwang TH et al., 2021[17] 29.8 ± 6.8 6 / 6 Healthy adults
Wu J et al., 2021[18] 26–66 2 / 2 Healthy adults

John J et al., 2022[19]
Not specified Not specified Stroke  vs.  Healthy  older

adults
Meyer BM et al., 2022[20] 51 (42–60) 5 / 16 Multiple Sclerosis
Toumieux  P  et  al.,
2015[21]

Not specified Not specified Stroke

Elstub LJ et al., 2022[22] Not specified 6 / 3 Healthy runners

Perraudin  CGM  et  al.,
2018[23]

RA: 50.7, PA: 47.5, 
OA: 60.7, Healthy: 48

RA: 18F, PA: 2F, 
OA:  10F,  Healthy:
15F

RA, PA, OA

Giggins  OM  et  al.,
2025[24]

77.5 ± 8.4 12 / 39 Frailty levels

Savi D et al., 2020[25] 37.5 (26–49) 6 / 18 Cystic Fibrosis
Haghi M et al., 2023[26] 26.7 22 / 8 Healthy adults
DasMahapatra  P  et  al.,
2018[27]

52 28 / 86 Multiple Sclerosis

Sun R et al., 2019[28] 65+ (OA), 18–30 (YA) OA: 4 / 6, YA: 6 / 6 Healthy adults
Ramezani  R  et  al.,
2019[29]

26.7 22 / 8 Healthy adults

Liew  BXW  et  al.,
2024[30]

20.8 (18–40) 9 / 9 Healthy adults

Kwon S et al., 2019[31]
1-year-olds: 11, 
2-year-olds: 11

10 / 12 Healthy toddlers

Martin SS et al., 2015[32] 58 ± 8 (18–69) 26 / 22 CVD prevention, Obesity
Hup RG et al., 2024[33] Various Not specified OHCA, SCA
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Browne S et al., 2020[34] 13.3 (9–16) 9 / 11 Pediatric Obesity
Burns D et al., 2020[35] 18+ Not specified Rotator cuff, Shoulder pain
Bailey DP et al., 2024[36] 51 (28–63) 11 / 4 Spinal cord injury

https://preprints.jmir.org/preprint/76084 [unpublished, non-peer-reviewed preprint]
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2. Sensor Utilization and Data Analysis in Wearable Research

The reviewed studies demonstrated a strong reliance on inertial measurement unit (IMU) sensors,

which accounted for 66.7% of the included research, while smartwatches were utilized in 26.7% of

cases. Shoe-mounted sensors and multi-sensor systems incorporating ECG were less frequently used.

Wrist-worn sensors (43.3%) were the most common, benefiting from ease of wear and practical data

collection. Smartwatches, as a subset of wrist-worn devices, were frequently used for continuous

activity  tracking and health  monitoring.  Additionally,  ankle  and thigh  placements  (23.3%) were

primarily employed for gait analysis, while foot/insole sensors (6.7%) were implemented for more

specialized balance and gait assessments.

The predominant activity type studied was gait analysis, which appeared in 60% of the research,

followed  by  activities  of  daily  living  (40%),  balance  assessments  (26.7%),  energy  expenditure

evaluations, and rehabilitation exercises. Gait analysis was especially relevant in research focused on

neurodegenerative diseases and mobility impairments, where smartwatches were often used for free-

living gait monitoring. Studies on activities of daily living leveraged smartwatches for continuous

data collection in real-world settings. Balance assessments were primarily conducted for frailty and

fall risk evaluations, with some smartwatch-based applications integrating accelerometry for postural

control analysis.

Data  processing in  wearable  sensor  research  employed a range of  machine  learning  techniques.

Random forest was the most commonly applied method (20%), followed by deep learning models

(16.7%),  elastic  net  regression  and  support  vector  machines  (13.3%),  and  principal  component

analysis (PCA) (6.7%). Random forest was frequently used in gait analysis and activity recognition,

while deep learning models were applied for long-term movement pattern analysis, particularly in

smartwatch-based applications. Elastic net and SVM were commonly used for classification tasks,

https://preprints.jmir.org/preprint/76084 [unpublished, non-peer-reviewed preprint]
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and PCA was utilized for dimensionality reduction, optimizing the performance of wearable sensor

data processing.

3. Clinical Applications of Wearable Sensors

The diverse clinical applications of wearable sensors, categorized into five main areas—including

healthy individuals, age-related conditions, neurological conditions, musculoskeletal disorders, and

metabolic conditions—are summarized in Table 2.

https://preprints.jmir.org/preprint/76084 [unpublished, non-peer-reviewed preprint]
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Table 2. Summary of Clinical Results for Wearable Sensors Across Populations
Category Disease Key Findings Clinical Significance and Utility

Rehabilitation
Assessment  &
Functional
Recovery

Knee  Arthroplasty
(TKA/UKA)

Bone Stimulus +52%, Impact Load +371%,
OKS +52%, EQ-5D +32%

IMU-based wearables support accurate post-
op monitoring and personalized recovery for
knee arthroplasty.

Cardiac  Rehabilitation
(CR)

6MWD prediction error 42.8m, R²=0.661
Cardiac  rehab  progress  can  be  reliably
tracked remotely, improving long-term care.

Stroke  -  Upper  Limb
Rehabilitation

Movement  quality  classification  accuracy
92%, F1-score 0.95

IMUs  enable  remote  monitoring  of  home-
based  rehab,  enhancing  adherence  and
personalization.

Rotator  Cuff  Injury
Rehabilitation

Exercise classification accuracy 99.99%
Smartwatches improve rehab compliance and
exercise tracking at home.

Lumbar  Mobility
Assessment

Significant ROM differences between wrist
and lumbar sensors (up to 8°)

Wrist-worn  sensors  allow  remote  lumbar
mobility assessment for rehab use.

Disease  State
Prediction & 
Risk
Assessment

Parkinson’s Disease (PD) -
Tremor & Fall Risk

Tremor detection accuracy 83%, Sensitivity
86%, Specificity  86%,  Fall  risk prediction
RMSE 0.42

Wearables objectively monitor PD symptoms
and fall risk for early intervention.

Huntington’s Disease (HD)
Sensitivity 85%, Specificity 72%, Accuracy
81%, AUROC 0.82

HD motor  decline  can  be  tracked  remotely
for personalized care.

Frailty  Assessment  in
Older Adults

QTUG  accuracy  75.8%,  ScanWatch-
enhanced model 79.3%

Wearables  detect  frailty  early,  enabling
preventive intervention in older adults.

Out-of-Hospital  Cardiac
Arrest (OHCA) Detection

Optimized balance between sensitivity and
specificity

OHCA  can  be  detected  in  real  time  via
wearables for rapid emergency response.

Activity &
Behavior
Tracking

Arthritis - Pain & Function
Monitoring

5×STS performance significantly correlated
with morning pain scores (p < 0.05)

IMUs  enable  non-invasive,  remote  tracking
of arthritis pain and function.

Cystic  Fibrosis  (CF)  -
Activity Monitoring

Fitbit  &  iOS  smartphone  showed  strong
agreement with SWA

Consumer  wearables  offer  scalable,
affordable physical activity monitoring.

Consumer  vs.  Research-
Grade  Wearables  (Activity
Monitoring)

Z-Track  sedentary  behavior  detection
AUC=0.95, MVPA detection AUC=0.93

Fitbit-level  devices  reliably  track  sedentary
behavior and activity levels.

Medication  Adherence
Monitoring

Medication  intake  detection  accuracy
93.6%, Sensitivity 92%

Wearables  automate  medication  tracking,
improving adherence in chronic care.

Gait  Analysis
& 
Balance
Assessment

Gait  Symmetry  Analysis
(Head-Worn Sensor)

Gait event detection accuracy 99.35%
Head-worn  sensors  support  gait  symmetry
analysis for neuro rehab.

Balance  Assessment
(Smartwatch-Based)

Strong correlation between smartwatch and
research-grade sensors (r=0.861–0.970)

Smartwatches  enable  balance  monitoring  at
home to prevent falls.

Multiple  Sclerosis  (MS)  -
Balance & Mobility

ROC AUC 0.97
Wearables  track  long-term  mobility  and
balance  in  MS,  supporting  personalized
rehab.

Rehabilitation Assessment & Functional Recovery

 Wearable Sensors were used to analyze gait metrics in both young and older adults. Studies on

young adults focused on plantar pressure distribution, step length, swing time, and ground reaction

force (GRF), achieving high accuracy in real-time gait analysis, such as 95% with the FreeWalker

system  using  a  1000  Hz  sampling  frequency.  Advanced  machine  learning  techniques  further

enhanced  CoP  prediction  accuracy  by  over  30%.  Among  older  adults,  Wearable  Sensors  were
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effective in assessing fall risk and mobility. Improvements were observed in swing time (+6.45%)

and slip/trip classification accuracy, which exceeded 98% (p < 0.05).

Disease State Prediction & Risk Assessment 

Studies addressed frailty and fall history using Wearable Sensors to measure load distribution, gait

phases, and stance/swing time. Load distribution assessments demonstrated high reliability, with ICC

values reaching 0.91 and strong correlations for left (r = 0.7171) and right foot (r = 0.7502). Fall risk

indices provided significant predictive accuracy, with AUROC values of 0.919 (p < 0.05), making

them comparable to traditional tools such as the POMA and TUG tests. These findings emphasize

the potential of Wearable Sensors for early identification of frailty and fall risk in seniors.

Activity & Behavior Tracking 

Wearable Sensors were utilized to evaluate gait characteristics in individuals with stroke, multiple

sclerosis (MS), and Parkinson’s disease. Among stroke survivors, significant reductions in gait speed

and step length were observed compared to controls, with strong correlations between FMA lower

limb scores and stance time differences (R² = 0.71). In MS, high agreement was reported between

FeetMe® and  GAITRite® systems  (ICC >  0.8),  validating  the  utility  of  Wearable  Sensors  for

mobility monitoring. For individuals with Parkinson’s disease, significant differences were detected

in  gait  speed,  stride  length,  and  swing/stance  time  compared  to  healthy  controls  (p  <  0.05),

demonstrating the role of Wearable Sensors in tracking disease progression.

Gait Analysis & Balance Assessment 

Wearable Sensors were effective in managing diabetes and other metabolic disorders. For diabetes,

total  contact  casts  reduced  forefoot  contact  area  by  5% and  peak  pressure  by  8% (p  <  0.05),

effectively  offloading  pressure  and  reducing  the  risk  of  complications.  These  devices  provide

actionable  data  that  support  better  management  of  metabolic  health  and  reduce  disease-related

complications.

4. Quality Assessment Results
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The quality assessment results are summarized in Table 3, with JBI-rated studies scoring between 5

and 8 out of 10, NOS-rated cohort studies between 6 and 7 out of 9, and Cochrane RoB 2-rated RCTs

scoring 8 out of 10. Studies investigating wearable sensor-based mobility assessments, gait analysis,

and rehabilitation applications showed high feasibility and reliability, particularly those incorporating

real-time  monitoring  and  signal  processing  techniques.  However,  several  studies  exhibited

limitations,  such  as  small  sample  sizes,  lack  of  validation  in  real-world  settings,  and  limited

applicability to diverse patient populations. Additionally, some studies faced technical challenges,

including sensor displacement errors, signal-to-noise ratio (SNR) issues, and data synchronization

difficulties.
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Table 3. Quality Assessment Summary of Reviewed Studies

Reviewed Studies Study Design
Quality
Score

Summary of Assessment

Bolam SM et al., 2021[7] Cohort 7/9 (NOS) Reliable study design and data collection

Angelucci A et al., 2023[8] Experimental 6/10 (JBI)
Strong  signal  processing  in  controlled
setting

Greene BR et al., 2021[9] Experimental 7/10 (JBI)
Demonstrated  potential  for  PD  fall
prediction

Gordon  MF  et  al.,
2019[10]

Observational 6/10 (JBI)
Demonstrated  potential  for  long-term
wearable use

Presley  BM  et  al.,
2023[11]

Experimental 8/10 (JBI)
Validated  smartwatch-based  balance
assessment

De  Cannière  H  et  al.,
2020[12]

Cohort 7/9 (NOS)
Supports remote cardiac rehabilitation

Nunes AS et al., 2024[13] Observational 6/10 (JBI) Demonstrated feasibility for HD monitoring
Mahadevan  N  et  al.,
2020[14]

Observational 8/10 (JBI)
Supports PD symptom monitoring

Seo NJ et al., 2024[15] Observational 7/10 (JBI)
At-home  upper  limb  rehab  monitoring
feasible

Odhiambo  CO  et  al.,
2023[16]

Experimental 8/10 (JBI)
Smartwatch-based  medication  tracking
feasible

Hwang TH et al., 2021[17] Observational 7/10 (JBI) Validated head-worn IMU for gait symmetry
Wu J et al., 2021[18] Observational 7/10 (JBI) Smart insole-based gait analysis feasible
John J et al., 2022[19] Observational 6/10 (JBI) Potential for ADL and rehab monitoring
Meyer BM et al., 2022[20] Observational 7/10 (JBI) Gait and balance monitoring feasible in MS
Toumieux  P  et  al.,
2015[21]

Experimental 5/10 (JBI)
Demonstrated  feasibility  of  wireless  data
transmission

Elstub LJ et al., 2022[22] Experimental 7/10 (JBI)
Shoe-worn  IMU  shows  potential  for  tibial
stress assessment

Perraudin  CGM  et  al.,
2018[23]

Observational 7/10 (JBI)
Remote arthritis monitoring feasible

Giggins  OM  et  al.,
2025[24]

Cross-
sectional

6/10 (JBI)
Frailty assessment feasible via wearables

Savi D et al., 2020[25]
Cross-
sectional

7/10 (JBI)
Fitbit accurate for activity tracking vs. SWA

Haghi M et al., 2023[26] Experimental 8/10 (JBI) Feasible for spinal posture and fall detection
DasMahapatra  P  et  al.,
2018[27]

Observational 6/10 (JBI)
MS activity monitoring feasible

Sun R et al., 2019[28] Experimental 7/10 (JBI)
HoloLens-based  mobility  assessment
feasible

Ramezani  R  et  al.,
2019[29]

Cohort 7/9 (NOS)
Fall risk assessment using wearables feasible

Liew  BXW  et  al.,
2024[30]

Experimental 6/10 (JBI)
Validated  wrist-worn  IMU  for  lumbar
motion

Kwon S et al., 2019[31] Experimental 7/10 (JBI) Toddler activity assessment feasible
Martin SS et al., 2015[32] Observational 6/10 (JBI) mHealth intervention proven effective
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Hup RG et al., 2024[33] Experimental 8/10 (JBI) OHCA automatic detection feasible

Browne S et al., 2020[34] Cohort 7/9 (NOS)
Smartwatch-based  pediatric  obesity
intervention feasible

Burns D et al., 2020[35] Observational 6/10 (JBI) Shoulder rehab monitoring feasible

Bailey DP et al., 2024[36] Observational 8/10 (JBI)
Activity  tracking  in  wheelchair  users
feasible
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Discussion

Expanding the Role of Wearable Sensors in Health Monitoring

Wearable sensor technology, including IMU-based smartwatches,  smart  insoles,  and multi-sensor

systems, has significantly transformed health monitoring,  rehabilitation tracking, and disease risk

assessment.[37] These devices  enable continuous,  real-world tracking of mobility  and functional

health,  addressing  key  limitations  in  traditional  clinical  assessments.[38] The  reviewed  studies

highlight their diverse applications in neurological, musculoskeletal, cardiovascular, and metabolic

conditions,  supporting  early  disease  detection,  remote  therapy  adherence,  and  precision

rehabilitation.[39]

Observational studies  accounted for 43.3% of the reviewed research,  reflecting the feasibility of

longitudinal  monitoring,  while  experimental  studies  made  up  26.7%,  playing  a  crucial  role  in

validating sensor-based assessments. However, the limited number of RCTs, representing only 10%

of  the  studies,  underscores  the  need for  rigorous  intervention-based research  to  establish  causal

relationships  between  wearable  sensor  use  and  patient  outcomes.  The  study  populations  were

diverse,  with healthy individuals comprising 33.3% of the participants, often included for sensor

validation  and  reliability  testing.  Clinical  populations,  including  individuals  with  Parkinson’s

disease, stroke, frailty, and cardiovascular conditions, were the primary focus of applied research,

demonstrating  the  potential  for  wearable  sensors  to  support  patient  management  in  real-world

healthcare settings.

Evolution of Wearable Sensor Applications

Wearable sensors  have transitioned from validation-focused studies  in  healthy  adults  (33.3%) to

widespread applications in neurological, musculoskeletal, metabolic, and age-related conditions. The

predominance  of  observational  studies  (43.3%) reflects  their  feasibility  in  capturing longitudinal

movement  patterns,  while  the  limited  number  of  RCTs (10%) highlights  the  need  for  rigorous,

intervention-based  trials.  These  devices  have  revolutionized  mobility  monitoring,  particularly  in
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neurodegenerative  conditions  such  as  Parkinson’s  disease,  multiple  sclerosis,  and  stroke,  where

continuous tracking of gait  parameters enables early detection of motor impairments and disease

progression. Their role in frailty assessment (13.3%) and fall risk prediction is equally significant,

with smart insoles demonstrating high predictive accuracy (AUROC = 0.919, p < 0.05), reinforcing

their potential as non-invasive, real-world mobility assessment tools.

Technological Integration and Advances in Data Processing

Wearable  sensors  primarily  relied  on  IMU-based systems,  which  were  utilized  in  66.7% of  the

studies, followed by smartwatches, which accounted for 26.7% of applications. Wrist-worn sensors

were the most common, representing 43.3% of devices used, as they offer practicality, ease of wear,

and  convenience  for  everyday  use.  Ankle  and  thigh-mounted  sensors  accounted  for  23.3%  of

applications and were primarily used for gait and posture assessments, while multi-sensor systems

integrating ECG and pressure sensors provided additional biomechanical and cardiovascular insights,

though they were less frequently studied.

Advances  in  machine  learning  have  significantly  enhanced  data  interpretation  and  predictive

capabilities in wearable sensor applications.[2] Random forest models, applied in 20% of studies,

were widely used for gait classification and activity recognition, while deep learning techniques were

applied in 16.7% of studies and demonstrated high accuracy in long-term movement analysis. Elastic

net regression and support vector machines were used in 13.3% of cases for classification tasks,

while principal component analysis was utilized in 6.7% of studies to reduce dimensionality and

optimize  data  processing.  Despite  these  advancements,  variability  in  feature  extraction  methods

across studies remains a challenge, highlighting the need for standardized approaches to improve

reproducibility and clinical translation of findings.[40]

Clinical Applications of Wearable Sensors
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Wearable sensors demonstrated strong feasibility across multiple healthcare applications, including

rehabilitation  monitoring,  disease  risk  assessment,  activity  tracking,  and  gait  analysis.  In

rehabilitation  assessment  and  functional  recovery,  post-surgical  monitoring  in  knee  arthroplasty

patients showed a 52% improvement in bone stimulus and a 371% increase in impact load tracking

using wearable sensors. Wearable devices for cardiac rehabilitation demonstrated reliable six-minute

walk distance (6MWD) prediction with an error of 42.8m and an R² value of 0.661, facilitating

remote patient  monitoring.  In stroke rehabilitation,  IMU-based assessments  of movement quality

reached a classification accuracy of 92% with an F1-score of 0.95, reinforcing their potential for

therapy personalization and remote rehabilitation monitoring.

Wearable sensors also played a key role in disease prediction and risk assessment. In Parkinson’s

disease monitoring, wearable technology achieved an accuracy of 83% in tremor detection and a

sensitivity  and  specificity  of  86%  in  fall  risk  prediction,  supporting  the  feasibility  of  early

intervention strategies. Fall risk assessments using wearable sensors reached an AUROC value of

0.919,  demonstrating  their  ability  to  provide  non-invasive,  real-world  alternatives  to  clinical

assessments such as the Timed Up and Go (TUG) and Performance-Oriented Mobility Assessment

(POMA) tests.

Activity and behavior tracking applications showed high accuracy, particularly in arthritis-related

pain and function monitoring, where significant correlations were observed between morning pain

scores and five-times-sit-to-stand (5×STS) performance, with p-values of less than 0.05. Consumer

wearables  such  as  Fitbit  and  iOS-integrated  smartwatches  achieved  a  strong  agreement  with

research-grade sensors, with an AUC of 0.93, demonstrating their feasibility for large-scale, real-

world activity tracking. In medication adherence monitoring, smartwatch-based tracking achieved an

accuracy  of  93.6%,  highlighting  its  potential  for  improving  adherence  in  chronic  disease

management.
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Gait  and  balance  assessments  using  wearable  sensors  provided  highly  accurate  insights  into

functional mobility. Head-worn IMU-based gait symmetry analysis reached an accuracy of 99.35%,

indicating its effectiveness in neuromuscular rehabilitation and postural correction. Wearable sensor-

based assessments of balance and mobility for multiple sclerosis patients achieved an ROC AUC of

0.97,  reinforcing  their  potential  to  support  personalized  rehabilitation  planning  and  disease

progression monitoring.

Challenges in Wearable Sensor Research

Despite these promising applications, several challenges must be addressed for widespread clinical

adoption and real-world impact.

 Study Limitations:

o Small  sample  sizes  (86.7%)  and  lack  of  real-world  validation  (40.0%)  reduce

generalizability.

o Short study durations (26.7%) hinder the ability to assess long-term effectiveness.

 Sensor and Data Processing Issues:

o Signal-to-noise  ratio  variability,  sensor  displacement  errors,  and inconsistencies  in

data  collection  protocols  require  hardware  improvements  and  standardized

algorithms.

o Differences  in  feature  extraction  and  machine  learning  models  limit  cross-study

comparisons and reproducibility.

 Need for Standardization:

o Variability  in  sensor  placement,  study  protocols,  and  data  interpretation  methods

affects reproducibility.

o Establishing  consensus  guidelines  for  sensor-based  research  is  necessary  for

scalability and clinical translation.
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Future Directions

To fully  realize the  potential  of  wearable sensors  in  healthcare,  future research should focus  on

several key areas. Expanding RCTs is essential to establish causal relationships between wearable

sensor  use  and  health  outcomes,  ensuring  their  clinical  efficacy  beyond  feasibility  studies.  The

development  of  standardized  data  analysis  frameworks  will  improve  comparability  and

reproducibility, enabling wearable sensors to be integrated into multi-center trials and large-scale

studies. Enhancing real-world validation through long-term, multi-center studies will help assess the

accuracy, usability, and long-term adoption of wearable devices in different healthcare settings.

Integration  with  cloud-based  digital  health  ecosystems  and  telemedicine  platforms  will  further

enhance  the  scalability  of  wearable  sensors,  allowing real-time remote  health  monitoring  across

diverse populations.[41] Additionally, conducting cost-effectiveness analyses will help determine the

financial feasibility and accessibility of wearable sensors, ensuring that they can be adopted at a

broader healthcare level and used effectively in resource-limited settings.[42]

Conclusion

This systematic review highlights the growing feasibility and clinical relevance of wearable sensors

in  rehabilitation  monitoring,  disease  risk  assessment,  and  personalized  healthcare.  IMU-based

smartwatches, multi-sensor systems, and gait-monitoring devices have demonstrated high accuracy

in mobility assessments, fall risk prediction, and chronic disease management, reinforcing their role

in digital health and precision medicine.

Despite their significant utility, several challenges remain, including small sample sizes, real-world

validation gaps, and inconsistencies in machine learning methodologies. To address these limitations,

future research should focus on standardizing wearable sensor protocols, expanding clinical trials,

and integrating sensors into telemedicine and cloud-based analytics platforms.
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By overcoming these challenges, wearable sensors have the potential to revolutionize healthcare,

offering  real-time,  non-invasive  monitoring  that  bridges  the  gap  between  traditional  clinical

assessments and continuous real-world health tracking.
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Abbreviations

AUROC: Area Under the Receiver Operating Characteristic Curve

BMI: Body Mass Index

CF: Cystic Fibrosis

CoP: Center of Pressure

CVD: Cardiovascular Disease

dRL: Difference in Right and Left

EQ-5D: EuroQol-5 Dimension

FMA: Fugl-Meyer Assessment

FRI: Fall Risk Index

FTI: Force-Time Integral

HD: Huntington’s Disease

ICC: Intraclass Correlation Coefficient

IMU: Inertial Measurement Unit

JBI: Joanna Briggs Institute Critical Appraisal Checklist

MS: Multiple Sclerosis

MVPA: Moderate-to-Vigorous Physical Activity

NOS: Newcastle-Ottawa Scale

OHCA: Out-of-Hospital Cardiac Arrest

OKS: Oxford Knee Score

PD: Parkinson’s Disease

POMA: Performance-Oriented Mobility Assessment

RoB 2: Cochrane Risk of Bias 2 Tool

SCA: Sudden Cardiac Arrest

SNR: Signal-to-Noise Ratio
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SWA: SenseWear Armband

TUG: Timed Up and Go

6MWD: Six-Minute Walk Distance
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PRISMA flow diagram for study selection.
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