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Abstract 
Introduction: Therapeutic exercise was a core component of rehabilitation for restoring motor function, improving 
physical performance, and promoting independence. Successful rehabilitation depended not only on task completion 
but also on appropriate movement patterns and motor control. Patients could develop compensatory movement 
strategies to overcome weakness, pain, restricted mobility, impaired motor control, or other functional limitations. 
Although compensation could facilitate task completion, persistent or excessive compensatory movements could 
negatively affect movement quality and limit optimal motor retraining. Wearable technologies and artificial 
intelligence (AI) provided opportunities for objective movement assessment and automated identification of abnormal 
or compensatory movement patterns in clinical and real-world settings. Objective: This systematic review aimed to 
investigate the use of AI-enabled wearable sensor systems for the automated detection and classification of 
compensatory movements during therapeutic and rehabilitation exercises. Particular emphasis was placed on 
movement-classification performance, validation approaches, and the potential use of real-time corrective feedback. 
Methods: A systematic review was conducted in accordance with the Preferred Reporting Items for Systematic 
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Reviews and Meta-Analyses (PRISMA) 2020 statement. The review methodology was structured with reference to 
the PRISMA-P recommendations. Relevant literature addressing wearable sensing technologies, AI or machine-
learning methods, compensatory-movement detection or classification, movement-quality assessment, and 
rehabilitation or therapeutic exercise was identified, screened, and assessed for eligibility according to predefined 
criteria. Results: The review identified and synthesized evidence on the integration of wearable sensors and AI-based 
methods for automated movement assessment in rehabilitation. The included studies demonstrated the use of 
technologies such as inertial measurement units, accelerometers, gyroscopes, pressure sensors, and 
other wearable sensing systems to capture movement data. AI and machine-learning approaches were applied to detect, 
classify, or assess compensatory movement patterns, with varying levels of validation and classification performance. 
The findings also indicated growing potential for real-time movement monitoring and corrective feedback during 
therapeutic exercise. Conclusion: AI-enabled wearable sensor systems showed considerable potential for objective, 
automated, and real-time assessment of compensatory movements during rehabilitation. Their integration could 
support movement-quality monitoring, personalized therapeutic exercise, and timely corrective feedback. However, 
differences in sensing technologies, AI methods, validation protocols, and clinical populations highlighted the need 
for standardized evaluation and further clinical validation before widespread implementation. 
How to cite this article: 1Dina mohamed tarek mansour elkasrawy 2Mohamed S. Zidan 3Faten Mohamed Mohamed Elnozhe 
4Aml Hamdy Abd El Salam Farag 5Amira E. M. Abd ElHay 6Meeral A. Elhalawany 7Abeer M.Yousef8 Reham hamed Saad 
hamza9 Amal Youssef Elsaeed Wahba 10Engi E. S. Artificial Intelligence-Enabled Wearable Sensors for Automated Detection 
and Real-Time Feedback of Compensatory Movements During Therapeutic Exercise: Systematic Review. Int J Drug Deliv 
Technol. 2026;16(80s):1526-1546. DOI: 10.25258/ijddt.16.80s.192. 
 
Introduction 
Therapeutic exercise is a core component of 
rehabilitation for restoring motor function, improving 
physical performance, and promoting independence. 
Successful rehabilitation depends not only on 
completing a prescribed task but also on performing 
the task with appropriate movement patterns and 
motor control. Objective assessment of movement 
quality is therefore an important component of 
rehabilitation, particularly when the therapeutic goal 
involves restoring coordinated and efficient motor 
performance (Porciuncula et al., 2018; Picerno et al., 
2021; Lobo et al., 2024). 
Patients may develop compensatory movement 
strategies to complete a therapeutic task despite 
weakness, pain, restricted mobility, impaired motor 
control, or other functional limitations. Compensation 
can facilitate task completion; however, persistent or 
excessive compensatory movement can modify the 
intended movement pattern and interfere with optimal 
motor retraining. Technology-based assessment of 
compensatory movement has consequently become an 
important area of rehabilitation research, particularly 
in neurological rehabilitation and upper-extremity 
motor recovery (Wang et al., 2022; Lobo et al., 2024; 
Meng et al., 2025). 
Conventional assessment of movement quality 
commonly relies on clinician observation, video 
analysis, motion capture, or biomechanical 
measurement. These approaches provide valuable 
information regarding movement performance but can 
require specialist equipment, controlled environments, 
and substantial clinician involvement. The use of 
wearable movement sensors provides an alternative 
approach for obtaining objective movement 

information during functional and therapeutic 
activities, including activities performed outside 
specialized laboratory environments (Muro-De-La-
Herran et al., 2014; Porciuncula et al., 2018; Picerno 
et al., 2021). 
Wearable technologies include inertial measurement 
units (IMUs), accelerometers, gyroscopes, 
magnetometers, pressure sensors, smart garments, 
smart textiles, sensorized garments, smart insoles, 
wearable gloves, and other body-worn sensing 
systems. These technologies can provide continuous 
movement-related information from relevant 
anatomical locations and have been applied to gait 
analysis, physical activity monitoring, rehabilitation 
assessment, motor recovery, and movement-quality 
evaluation (Kristoffersson & Lindén, 2022; Picerno et 
al., 2021; Lobo et al., 2024). 
Inertial wearable sensors have received particular 
attention in rehabilitation because they can capture 
movement during relatively unconstrained activities 
without requiring the participant to remain within a 
laboratory-based motion-analysis system. Reviews of 
wearable movement sensors have demonstrated their 
application across neurological and musculoskeletal 
rehabilitation, while systematic evidence has also 
documented their use for gait, balance, physical 
activity, and rehabilitation exercise monitoring 
(Porciuncula et al., 2018; Picerno et al., 2021; 
Kristoffersson & Lindén, 2022). 
Wearable systems have also been investigated for 
specific rehabilitation applications, including upper-
limb movement monitoring, stroke rehabilitation, 
shoulder rehabilitation, gait rehabilitation, and remote 
therapeutic exercise. Body-worn technologies have 
demonstrated particular relevance for identifying 
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movement characteristics that are difficult to quantify 
through routine clinical observation alone (Wang et 
al., 2022; Sassi et al., 2024; Karoulla et al., 2024). 
The development of wearable technology has 
expanded beyond conventional inertial sensing. 
Pressure sensors, smart textiles, sensorized garments, 
smart insoles, and other wearable bioelectronics 
provide additional information concerning movement, 
posture, loading, and body–environment interaction. 
Recent evidence indicates that wearable technologies 
are increasingly integrated with digital healthcare, 
rehabilitation, and artificial intelligence, supporting 
the development of continuous and automated 
assessment systems (Huang et al., 2025; Gu et al., 
2026; Deng et al., 2026). 
The usefulness of wearable sensing depends not only 
on the acquisition of movement signals but also on the 
ability to interpret those signals accurately. Artificial 
intelligence and machine-learning methods provide 
computational approaches for identifying movement 
patterns, classifying movement errors, and 
distinguishing different movement strategies. 
Machine learning has become increasingly established 
in human movement biomechanics, although 
differences in feature extraction, model development, 
validation, and data handling can substantially 
influence reported performance (Halilaj et al., 2018; 
Wei & Wu, 2023). 
Machine-learning approaches applied to wearable 
movement data include conventional supervised 
learning, neural networks, deep-learning architectures, 
pattern-recognition methods, and other data-driven 
classification techniques. A systematic review of 
wearable sensors and machine learning in 
rehabilitation demonstrated substantial variation in 
both sensor technologies and algorithms across 
rehabilitation applications, emphasizing the need to 
consider the sensing and computational components 
together when interpreting reported results (Wei & 
Wu, 2023). 
Recent developments in AI-enabled wearable systems 
have further expanded automated movement 
assessment. Artificial intelligence has been 
incorporated into wearable technologies for health 
monitoring, rehabilitation, motor-function assessment, 
and disease-related movement analysis. These 
developments support increasingly automated 
interpretation of sensor-derived data but also highlight 
the importance of standardized validation and clinical 
evaluation before widespread implementation (Huang 
et al., 2025; Gu et al., 2026). 
Compensatory movement is particularly important in 
therapeutic exercise because successful completion of 
an exercise does not necessarily indicate appropriate 
motor performance. An individual can complete a 
prescribed movement while using an alternative 

strategy to compensate for weakness, restricted range 
of motion, impaired coordination, or another 
functional limitation. A systematic review of 
technology-based compensation assessment in stroke 
rehabilitation demonstrated that compensation can be 
quantified using different sensing technologies and 
analytical approaches, including body-worn sensors 
and machine-learning methods (Wang et al., 2022). 
For this review, compensatory movement is defined as 
a movement strategy that deviates from the intended 
or clinically acceptable execution of a therapeutic task 
in order to complete the task despite a limitation, 
altered motor strategy, or other constraint. The review 
does not assume that every deviation from an ideal 
movement pattern is inherently harmful. Instead, a 
movement is considered relevant when the study 
identifies it as compensatory, undesirable, erroneous, 
abnormal, or otherwise inconsistent with the intended 
therapeutic movement pattern (Wang et al., 2022; 
Lind, 2024). 
Definitions of compensation can differ considerably 
between studies. Some investigations use 
biomechanical thresholds, whereas others rely on 
clinician judgment, predefined movement categories, 
manual annotation, or task-specific error definitions. 
This variation is important because the operational 
definition and labeling of compensation directly 
influence the development and evaluation of an AI 
classification model (Halilaj et al., 2018; Wang et al., 
2022). 
The present review therefore considers the operational 
definition adopted by each study rather than imposing 
a universal threshold for compensatory movement. For 
each study, compensation is characterized according 
to whether it is represented as a binary classification, 
multiclass classification, continuous movement-
quality measure, or another computational 
representation. Individual compensatory movement 
classes and their clinical or biomechanical 
interpretation are considered where reported. 
The integration of wearable sensors with artificial 
intelligence provides a pathway from movement 
acquisition to automated classification. Sensors 
acquire movement-related signals from relevant body 
segments or contact regions, after which the signals 
undergo preprocessing, segmentation, normalization, 
feature extraction, or representation learning. The 
resulting information is supplied to an AI or machine-
learning model that generates a classification, 
detection result, score, or other output indicating the 
presence or characteristics of a movement pattern 
(Halilaj et al., 2018; Wei & Wu, 2023; Museck et al., 
2024). 
This technological pathway is important because 
wearable sensing, automated classification, validation, 
and feedback represent distinct components of a 
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rehabilitation system. A wearable sensor can quantify 
movement without identifying compensation, while an 
AI model can classify movement without providing 
feedback. Accordingly, the present review 
distinguishes movement sensing from automated 
classification, validation, and feedback rather than 
treating them as a single technology category (Lobo et 
al., 2024; Gu et al., 2026). 
An additional distinction concerns offline 
classification and real-time assessment. A system can 
classify previously recorded sensor signals with high 
accuracy without demonstrating that the classification 
occurs rapidly enough for use during an ongoing 
therapeutic exercise session. Real-time assessment 
requires timely signal processing, sufficiently low 
response delay, and an output that can be interpreted 
and acted upon during task performance (Prasanth et 
al., 2021; Bowman et al., 2021). 
Real-time feedback can be delivered through visual, 
auditory, haptic, verbal, or multimodal mechanisms. 
Wearable biofeedback systems have been investigated 
for supporting motor learning, gait and balance 
rehabilitation, and movement correction. The clinical 
relevance of feedback depends not only on detection 
accuracy but also on timing, modality, interpretability, 
and the ability of the participant to incorporate the 
information during exercise (Bowman et al., 2021; 
Sassi et al., 2024). 
Wearable systems have increasingly been applied to 
home-based and remote rehabilitation, creating 
opportunities for continuous monitoring outside 
conventional clinical environments. Remote 
rehabilitation studies using motion sensors have 
demonstrated the feasibility of monitoring movement 
and therapeutic outcomes, while broader reviews of 
wearable rehabilitation technologies have identified 
home and real-world monitoring as important 
directions for future development (Sassi et al., 2024; 
Garofano et al., 2025; Gu et al., 2026). 
However, technical classification performance alone 
does not establish clinical usefulness. Sensor 
placement, sensor number, sampling frequency, 
measured variables, signal preprocessing, feature 
extraction, model architecture, training procedures, 
and validation strategy can all influence reported 
performance. Reviews of wearable technologies have 
repeatedly identified differences in sensor placement, 
processing procedures, and validation approaches as 
important methodological considerations (Wei & Wu, 
2023; Gu et al., 2026). 
Participant-level separation between training and 
testing data is particularly important in AI-based 
movement classification. When data from the same 
participant appear in both training and testing datasets, 
reported performance can be inflated because the 
model can learn participant-specific characteristics 

rather than generalizable movement patterns. 
Evaluation of AI-based movement systems therefore 
requires careful consideration of training and testing 
procedures, validation methods, and performance on 
previously unseen participants (Halilaj et al., 2018; 
Jourdan et al., 2021). 
Validation is also essential when wearable systems are 
intended for clinical or real-world use. Wearable-
sensor research has demonstrated the importance of 
comparing sensor-derived measurements with 
appropriate reference or ground-truth data, while real-
world applications require validation under conditions 
that reflect the intended use environment (Jourdan et 
al., 2021; Prill et al., 2021). 
Generalizability is influenced by differences in age, 
body morphology, impairment severity, fatigue, pain, 
movement experience, and individual compensatory 
strategies. A model developed using a small and 
homogeneous sample can demonstrate strong 
technical performance while having limited 
applicability to other participants or rehabilitation 
environments. Evaluation of participant 
characteristics and validation procedures is therefore 
essential when determining the clinical maturity of AI-
enabled wearable rehabilitation systems (Halilaj et al., 
2018; Gu et al., 2026). 
Knowledge Gap 
Despite increasing research on artificial intelligence, 
wearable sensing, and rehabilitation movement 
analysis, evidence specifically integrating AI-enabled 
wearable sensors for automated detection and 
classification of compensatory movements during 
therapeutic exercise remains fragmented. Existing 
reviews have examined wearable movement sensors, 
technology-based compensation assessment, wearable 
sensing with machine learning, and movement 
rehabilitation across different populations and 
applications (Porciuncula et al., 2018; Wang et al., 
2022; Wei & Wu, 2023). 
Previous reviews have addressed technology-based 
compensation assessment, upper-limb movement 
monitoring, wearable sensor applications in 
rehabilitation, and AI-enabled wearable systems in 
specific clinical populations. These studies provide 
important foundations for the present review but 
generally focus on broader movement assessment, 
particular diseases, or specific rehabilitation 
applications rather than integrating compensatory-
movement detection, AI-based classification, 
validation, and real-time corrective feedback within a 
single framework (Wang et al., 2022; Karoulla et al., 
2024; Li et al., 2026). 
The distinction between detecting compensation and 
providing effective corrective feedback is particularly 
important. Evidence that an AI model accurately 
identifies compensatory movement does not establish 
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that the system operates in real time, provides an 
interpretable response, or modifies subsequent 
movement performance. Real-time feedback therefore 
represents a separate translational component 
requiring specific assessment rather than an automatic 
consequence of successful classification (Bowman et 
al., 2021; Prasanth et al., 2021). 
Accordingly, this review focuses specifically on the 
integration of wearable sensing, AI-based automated 
detection and classification of compensatory 
movement, methodological validation, and real-time 
corrective feedback during therapeutic or 
rehabilitation exercise. The evidence is characterized 
according to sensor technology, sensor placement, AI 
methodology, compensation definition, reference 
standard, validation strategy, classification 
performance, real-time detection capability, and 
feedback modality (Wang et al., 2022; Wei & Wu, 
2023; Lobo et al., 2024). 
Rationale for the Review 
Wearable sensors provide objective movement data 
during therapeutic activities, while artificial 
intelligence and machine-learning methods provide 
automated approaches for interpreting these signals. 
The combination of these technologies provides a 
framework for detecting compensatory movement and 
supporting movement-quality assessment during 
rehabilitation (Porciuncula et al., 2018; Wei & Wu, 
2023). 
The potential clinical value of these systems extends 
beyond technical accuracy. Rehabilitation 
technologies require appropriate validation, 
generalizability across participants, practical sensor 
placement, reliable operation under movement 
variability, and outputs that can be understood and 
acted upon during therapeutic exercise. These 
considerations are particularly relevant when AI-
enabled systems are intended for clinical, home-based, 
or remote rehabilitation (Jourdan et al., 2021; Sassi et 
al., 2024; Gu et al., 2026). 
A systematic synthesis is therefore required to 
determine the current evidence for AI-enabled 
wearable detection and classification of compensatory 
movement, assess methodological quality and 
validation, and identify the extent to which these 
systems support real-time corrective feedback. 
Particular attention is given to the distinction between 
sensor-based measurement, automated classification, 
validation, real-time detection, and feedback-mediated 
changes in movement (Wang et al., 2022; Lobo et al., 
2024). The primary research question is: what is the 
current evidence regarding the accuracy and validation 
of AI-enabled wearable sensors for the automated 
detection and classification of compensatory 
movements during therapeutic exercise, and what 
evidence exists regarding their use for real-time 

corrective feedback? We aim to identify, critically 
evaluate, and synthesize the current evidence on AI-
enabled wearable sensor systems for automated 
detection and classification of compensatory 
movements during therapeutic or rehabilitation 
exercise, with particular emphasis on classification 
performance, validation, and real-time corrective 
feedback. It also characterizes the wearable sensing 
technologies and sensor placements used, identifies 
the artificial intelligence and machine-learning 
methods applied, describes the compensatory or 
undesirable movement patterns detected, evaluates 
reported detection and classification performance, 
examines reference standards and validation 
strategies, determines the extent to which systems 
operate in real time, characterizes feedback modalities 
and their reported effects on compensatory movement 
and movement quality, and identifies methodological 
limitations and evidence gaps relevant to clinical 
translation. The review further addresses the types and 
anatomical locations of wearable sensors used for 
compensatory-movement detection, the artificial 
intelligence and machine-learning algorithms applied, 
the populations and therapeutic exercises investigated, 
and the specific compensatory movement patterns 
identified. It examines the reference standards used to 
establish movement labels or ground truth, the 
performance metrics reported, and the methods used 
to train and validate AI models, including the 
frequency of independent or external validation and 
testing on previously unseen participants. In addition, 
the review evaluates whether AI-enabled wearable 
systems detect compensatory movements in real time, 
identifies the feedback modalities used, and examines 
whether real-time feedback produces measurable 
reductions in compensatory movement or 
improvements in movement quality. 
Materials and Methods 
Eligible evidence includes accuracy studies, 
observational studies, cross-sectional studies, 
experimental studies, validation studies, feasibility 
studies, pilot studies, and prospective studies. These 
designs provide complementary evidence regarding 
the technical performance, validation, feasibility, and 
potential clinical application of AI-enabled wearable 
systems. Studies are considered regardless of whether 
they evaluate offline movement classification or real-
time detection, provided that they satisfy the 
population, sensing, AI, and target-movement criteria. 
Healthy participants are also eligible when they 
perform tasks that directly represent or simulate a 
therapeutic or rehabilitation exercise and the study 
evaluates compensatory, abnormal, undesirable, 
erroneous, or otherwise inappropriate movement 
patterns relevant to that task. Clinical populations 
younger than 18 years are eligible when movement 
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assessment is directly related to rehabilitation, 
therapeutic exercise, or functional recovery. Studies 
involving participants aged 18 years or older are 
excluded from the primary evidence base to maintain 
consistency with the predefined pediatric population 
criterion. Computer-vision-only studies are excluded 
because the review specifically examines body-worn 
sensing technologies, although relevant evidence from 
computer vision is considered when it provides 
contextual information regarding movement 
assessment. Studies focused exclusively on 
physiological monitoring without movement analysis, 
disease prediction without relevant movement 
assessment, or sports performance without therapeutic 
or rehabilitation relevance are also excluded. This 
distinction maintains a focused scope while 
recognizing the broader development of AI-enabled 
wearable technologies across healthcare and 
rehabilitation (Huang et al., 2025; Deng et al., 2026; 
Wankhede et al., 2025). Eligibility criteria are 
structured according to the population, index 
technology, target movement, and study-design 
characteristics relevant to the review question. The 
review focuses specifically on human participants 
younger than 18 years who perform therapeutic 
exercise, rehabilitation exercise, prescribed exercise, 
motor rehabilitation, or rehabilitation-related 
functional tasks. Both healthy and clinical populations 
younger than 18 years are considered eligible when the 
investigated task has a direct therapeutic or 
rehabilitation relevance. Studies focused exclusively 
on sports performance without a therapeutic or 
rehabilitation context are excluded because their 
objectives, movement demands, and clinical 
interpretation differ from those of rehabilitation-based 
exercise assessment. This distinction is important 
because wearable movement sensing has been 
extensively investigated in sports performance as well 
as rehabilitation, but the clinical relevance of 
movement deviations depends strongly on the context 
in which the movement is performed (Camomilla et 
al., 2018; Picerno et al., 2021). The index technology 
comprises wearable or body-worn movement-sensing 
systems integrated with an artificial intelligence or 
machine-learning method for identifying or 
classifying relevant movement patterns. Eligible 
sensing technologies include inertial measurement 
units (IMUs), accelerometers, gyroscopes, 
magnetometers, pressure and pressure-distribution 
sensors, smart garments, smart textiles, sensorized 
garments, smart insoles, wearable gloves, and other 
body-worn movement sensors. Wearable movement 
sensors provide objective measurements of human 
movement across clinical and real-world 
environments and can support continuous or task-
specific assessment without requiring the extensive 

infrastructure associated with conventional 
laboratory-based motion-analysis systems (Muro-De-
La-Herran et al., 2014; Porciuncula et al., 2018; 
Kristoffersson & Lindén, 2022). More recent 
rehabilitation research further demonstrates the 
expansion of wearable systems toward remote 
monitoring, home-based rehabilitation, and automated 
movement assessment (Sassi et al., 2024; Lobo et al., 
2024). 
Artificial Intelligence Requirement 
The included system incorporates an artificial 
intelligence, machine-learning, deep-learning, neural-
network, supervised-classification, pattern-
recognition, or other data-driven computational 
method that contributes directly to movement 
identification or classification. Studies in which 
wearable sensors only quantify movement without an 
AI-based detection or classification component do not 
satisfy this criterion. Conversely, studies using 
artificial intelligence without wearable or body-worn 
movement sensing are also excluded. This 
requirement ensures that the review specifically 
evaluates the intersection between wearable sensing 
and computational movement classification rather 
than either technology independently. Machine-
learning approaches have increasingly been applied to 
rehabilitation movement analysis, myoelectric control, 
movement-quality assessment, and wearable-based 
motor rehabilitation (Halilaj et al., 2018; Zaim et al., 
2025; Wei & Wu, 2023). The target movement 
comprises at least one compensatory movement, 
movement compensation, compensatory strategy, 
compensatory motion, motor compensation, abnormal 
or undesirable movement, movement error, motor 
error, movement deviation, or incorrect movement 
pattern that represents an undesirable or compensatory 
strategy within the context of the therapeutic task. 
Compensatory movement is defined in this review as 
a movement strategy that deviates from the intended 
or clinically acceptable execution of a therapeutic task 
in order to complete the task despite a limitation, 
altered motor strategy, or other constraint. The review 
does not assume that every movement deviation is 
inherently harmful; instead, eligibility depends on 
whether the study explicitly identifies the movement 
as compensatory, undesirable, erroneous, abnormal, or 
inconsistent with the intended therapeutic movement 
pattern. This approach accommodates the 
considerable variation in operational definitions used 
across rehabilitation studies and avoids imposing a 
single biomechanical threshold across different 
exercises and populations (Wang et al., 2022; 
Garofano et al., 2025). 
The intervention or index technology integrates 
wearable or body-worn movement sensing with an 
artificial intelligence or machine-learning method for 
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the identification or classification of compensatory, 
abnormal, undesirable, erroneous, or otherwise 
relevant movement patterns during therapeutic or 
rehabilitation exercise. The review distinguishes 
between movement sensing, automated classification, 
validation, and feedback because these represent 
different stages of technological development. A 
wearable sensor that only measures movement without 
classifying compensation does not meet the AI-based 
detection requirement, whereas an AI model that does 
not use wearable or body-worn sensing does not meet 
the index-technology requirement. This distinction 
reflects the increasing complexity of rehabilitation 
systems in which sensing, computational analysis, and 
therapeutic feedback are integrated into a single 
platform (Laganà et al., 2025; Vaida et al., 2025; 
Santoriello et al., 2026). 
The technological characteristics of each system are 
considered in relation to sensor modality, anatomical 
placement, sampling characteristics, measured 
variables, signal processing, feature extraction, model 
architecture, and feedback capability. Wearable 
systems vary considerably in the number and type of 
sensors used and in the location at which movement 
signals are acquired. Such differences influence the 
quality and type of information available to an AI 
model and consequently affect reported classification 
performance and generalizability (Picerno et al., 2021; 
Karoulla et al., 2024; Gu et al., 2026). A conventional 
comparator is not mandatory because the primary 
purpose of the review is to evaluate technology 
performance rather than compare two therapeutic 
interventions. Where comparative evidence is 
available, the comparator or reference condition is 
documented. Reference conditions include correct or 
intended movement patterns, clinician or expert 
labeling, biomechanical measurements, predefined 
movement thresholds, manual annotation, alternative 
movement-classification methods, or conventional 
assessment and rehabilitation conditions. Particular 
attention is given to the method used to establish the 
ground truth because the reliability of movement 
labels directly influences the interpretation of AI 
classification performance. Differences in reference 
standards can contribute substantially to heterogeneity 
between studies and can limit direct comparison of 
reported accuracy measures (Halilaj et al., 2018; Wang 
et al., 2022). 
Search Strategy 
A comprehensive literature search is structured around 
four principal concept groups: wearable sensing, 
artificial intelligence or machine learning, 
compensatory or abnormal movement, and 
rehabilitation or therapeutic exercise. The search 
strategy incorporates controlled vocabulary and free-
text terms to maximize retrieval of relevant studies 

across different indexing systems and terminology. 
The search covers PubMed/MEDLINE, Scopus, Web 
of Science, Embase, IEEE Xplore, PEDro, and the 
Cochrane Library. Backward reference-list screening 
and forward citation searching also conducted for 
included studies and relevant reviews where feasible. 
The final search date for each database recorded 
during the formal search, and database-specific 
strategies are adapted according to the syntax, 
indexing terminology, and search functionality of each 
source. Reporting of the search process follows 
established systematic-review reporting principles, 
including the PRISMA 2020 framework and 
PRISMA-S recommendations (Page et al., 2021; 
Rethlefsen et al., 2021). The first search concept 
covers wearable sensing and includes terms related to 
wearable electronic devices, wearable sensors, 
wearable systems, body-worn sensors, sensor-based 
systems, motion sensors, inertial sensors, inertial 
measurement units, accelerometers, gyroscopes, 
magnetometers, pressure sensors, smart garments, 
smart textiles, sensorized garments, smart insoles, and 
wearable gloves. The second concept covers artificial 
intelligence and computational classification and 
includes artificial intelligence, machine learning, deep 
learning, neural networks, machine-learning 
algorithms, pattern recognition, classification, 
classifiers, and data-driven methods. The third concept 
addresses compensatory or abnormal movement and 
includes compensatory movement, movement 
compensation, compensatory strategy, compensatory 
motion, compensatory behavior, compensation 
patterns, motor compensation, abnormal movement, 
undesirable movement, movement error, motor error, 
movement deviation, movement quality, and 
movement pattern. The fourth concept addresses 
rehabilitation and therapeutic exercise and includes 
rehabilitation, exercise therapy, therapeutic exercise, 
physical therapy, motor rehabilitation, rehabilitation 
training, and rehabilitation exercise. This broad 
conceptual structure reflects terminology used across 
wearable rehabilitation, movement analysis, AI-based 
classification, and therapeutic exercise research 
(Muro-De-La-Herran et al., 2014; Porciuncula et al., 
2018; Lobo et al., 2024). The PubMed search strategy 
combines the four concepts using Boolean operators 
and controlled vocabulary where available. The search 
strategy includes "Wearable Electronic 
Devices"[Mesh], "Artificial 
Intelligence"[Mesh], "Rehabilitation"[Mesh], 
and "Exercise Therapy"[Mesh], together with relevant 
title and abstract terms for wearable sensors, artificial 
intelligence, compensatory movement, and 
rehabilitation exercise. The final search strategy 
undergoes peer review and adaptation to the indexing 
terminology and syntax of each database. Complete 
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database-specific search strategies are documented as 
supplementary material in accordance with 
systematic-review reporting standards (Page et al., 
2021; Rethlefsen et al., 2021). Following database 
searching and deduplication, retrieved records 
undergo title and abstract screening according to the 
predefined eligibility criteria. Records are classified as 
eligible, ineligible, or unclear at the initial screening 
stage, and records that cannot be confidently excluded 
proceed to full-text assessment. Where two reviewers 
are available, screening is performed independently, 
with disagreements resolved through discussion and, 
when necessary, consultation with a third reviewer. 
When screening is conducted by a single reviewer, a 
documented quality-control procedure is applied and 
reported transparently. During full-text screening, 
each potentially eligible article is assessed against the 
predefined population, technology, AI, target-
movement, and rehabilitation criteria. Reasons for 
exclusion are documented and include wrong 
population or task, absence of wearable or body-worn 
sensing, absence of an AI or computational 
classification method, absence of a relevant 
compensatory or undesirable movement, lack of 
therapeutic or rehabilitation relevance, insufficient 
methodological or outcome information, conference 
abstracts without adequate information, and duplicate 
publication. The study-selection process is presented 
using a PRISMA 2020 flow diagram (Page et al., 
2021). 
Results 
Study Selection and Characteristics 
The literature search identifies studies evaluating AI-
enabled wearable or body-worn sensing systems for 
the detection or classification of compensatory, 
abnormal, undesirable, or erroneous movement during 

therapeutic or rehabilitation-related exercise. 
Following removal of duplicate records, titles and 
abstracts are screened according to the predefined 
eligibility criteria, followed by full-text assessment of 
potentially relevant studies. The study-selection 
process is reported according to the PRISMA 2020 
framework, including the number of records 
identified, screened, excluded, assessed for eligibility, 
and included in the final synthesis (Page et al., 2021). 
The included studies are characterized according to 
publication year, country, study design, participant 
characteristics, clinical condition, therapeutic task, 
body region, wearable sensor technology, sensor 
placement, AI methodology, compensation definition, 
reference standard, validation strategy, classification 
performance, and real-time feedback capability. 
Particular attention is given to methodological 
characteristics that influence the interpretation and 
generalizability of AI-based movement-classification 
performance, including participant-level separation 
between training and testing datasets, external 
validation, sample size, and the characteristics of the 
reference standard (Halilaj et al., 2018; Wang et al., 
2022; Zah et al., 2026). 
The PRISMA 2020 flow diagram illustrates the study 
identification and selection process for this updated 
systematic review. Following the screening and 
eligibility assessment stages, studies that did not meet 
the predefined inclusion criteria were excluded for 
reasons including inappropriate population, 
intervention, outcomes, or study design. A total of 72 
studies were ultimately included in the final qualitative 
synthesis. The selection process was conducted in 
accordance with the PRISMA 2020 guidelines to 
ensure transparency and methodological rigor. 

Figure 1. PRISMA 2020 flow diagram of the selecting 
studies  
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Wearable Sensor Technologies and Sensor 
Placement 
The included evidence encompasses a range of 
wearable sensing technologies, including IMUs, 
accelerometers, gyroscopes, pressure sensors, smart 
garments, sensorized textiles, wearable gloves, smart 
insoles, and other body-worn sensing systems. IMU-
based systems provide information regarding 
acceleration, angular velocity, and body-segment 
orientation and are widely used for human movement 
analysis and rehabilitation monitoring (Picerno et al., 
2021; Karoulla et al., 2024). Pressure-based systems 
and sensorized garments provide complementary 
information regarding loading, contact, and 
movement-related changes, while wearable textile 
technologies support unobtrusive and potentially 
continuous monitoring during rehabilitation activities 
(Huang et al., 2025; Sipos et al., 2025). 
Sensor placement varies according to the anatomical 
region and therapeutic task being investigated. Sensors 
are positioned on relevant body segments, joints, 
limbs, trunk regions, feet, or other locations associated 
with the movement under assessment. The number and 
distribution of sensors also vary substantially between 
studies, reflecting differences in the biomechanical 
characteristics of the target movement and the 
information required for classification. Such 
variability is important because sensor placement 
influences signal quality, movement representation, 
model inputs, and the feasibility of translating systems 
from controlled research environments into clinical or 
home-based rehabilitation (Muro-De-La-Herran et al., 
2014; Porciuncula et al., 2018). 
Artificial Intelligence and Machine-Learning 
Methods 
The included studies use a range of computational 
approaches for movement detection and classification, 
including conventional machine-learning algorithms, 
supervised classifiers, neural networks, deep-learning 
architectures, and other data-driven methods. AI-
based analysis is applied to raw sensor signals, 
processed signals, extracted features, or learned 
representations depending on the architecture and 
preprocessing pipeline used in each study. Machine-
learning approaches have increasingly been integrated 
with wearable sensing for rehabilitation monitoring, 
movement assessment, and assistive robotic control 
(Wei & Wu, 2023; Zaim et al., 2025; Vaida et al., 
2025). 
The methodological characteristics of model 
development vary across studies. Differences occur in 
preprocessing, segmentation, feature extraction, 
normalization, dimensionality reduction, class 
balancing, hyperparameter optimization, training-test 
partitioning, and cross-validation. Participant-level 
separation between training and testing datasets is 

particularly relevant because random segmentation of 
repeated observations from the same participant can 
produce artificially high performance when highly 
similar movement signals are present in both datasets. 
Best-practice recommendations for machine learning 
in biomechanics therefore emphasize appropriate 
validation procedures and careful avoidance of data 
leakage (Halilaj et al., 2018). 
Compensatory Movement Detection and 
Classification 
The reviewed studies address compensatory or 
undesirable movement patterns across different 
therapeutic exercises, body regions, and rehabilitation 
contexts. Definitions of compensation differ between 
studies and include biomechanically defined 
deviations, clinician-identified movement errors, 
predefined movement categories, and task-specific 
abnormal movement patterns. Some systems classify 
movement into binary categories, such as correct 
versus compensatory execution, whereas others 
distinguish multiple compensatory patterns or 
movement-error classes. 
This heterogeneity in compensation definitions 
represents an important characteristic of the evidence 
base. A movement considered compensatory in one 
therapeutic task may represent an expected adaptation 
in another context, and therefore classification 
performance requires interpretation in relation to the 
exercise, participant characteristics, and reference 
standard. Technology-based compensation assessment 
has previously been examined in rehabilitation 
populations, demonstrating the potential of sensor-
based systems to quantify deviations in upper-
extremity and functional activities (Wang et al., 2022). 
Classification Performance and Validation 
Classification performance is reported using measures 
including accuracy, sensitivity, specificity, precision, 
recall, F1-score, AUC/ROC, and confusion-matrix 
data. Reported performance varies according to the 
classification task, sensor configuration, population, 
sample size, model architecture, and validation 
strategy. Direct comparison between studies is 
therefore limited when different outcome definitions, 
class distributions, or testing procedures are used. 
Validation strategies range from internal cross-
validation to independent participant testing and 
external validation. Studies using previously unseen 
participants provide stronger evidence of model 
generalizability than approaches based exclusively on 
randomly divided observations from the same 
participants. External validation remains particularly 
important for determining whether models developed 
under controlled conditions maintain performance 
across different participants, environments, exercise 
sessions, and clinical settings (Halilaj et al., 2018; Zah 
et al., 2026). 



Artificial Intelligence-Enabled Wearable Sensors for Automated Detection and Real-Time Feedback of 
Compensatory Movements During Therapeutic Exercise: Systematic Review 

 IJDDT Volume 16 Issue 80s 2026 Page: 1534 

Real-Time Detection and Feedback 
The evidence distinguishes between offline 
classification of previously recorded movement 
signals and systems capable of detecting movement 
deviations during exercise. Real-time capability 
requires sufficiently rapid signal processing and 
classification to generate a response that can be 
interpreted and acted upon during task performance. 
Where reported, real-time systems incorporate visual, 
auditory, haptic, verbal, or multimodal feedback. 
The presence of real-time classification does not 
necessarily demonstrate clinical effectiveness. 

Systems that identify compensatory movement 
accurately in recorded data require additional evidence 
regarding processing latency, robustness during 
continuous exercise, usability, feedback timing, and 
the ability of feedback to modify subsequent 
movement. Wearable rehabilitation systems 
increasingly incorporate real-time monitoring and 
feedback, but evidence concerning the translation of 
detection performance into sustained improvements in 
movement quality remains comparatively limited 
(Bowman et al., 2021; Sassi et al., 2024; Lobo et al., 
2024). 

Table 1. Characteristics of Studies on AI-Enabled 
Wearable Systems for Detection and Classification of 
Compensatory Movement in Rehabilitation 
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Abbreviations: AI, artificial intelligence; ML, 
machine learning; IMU, inertial measurement unit; 
EMG, electromyography; EEG, 
electroencephalography; QTM, Qualisys Track 
Manager; IoMT, Internet of Medical Things. 
Table 2 summarizes the principal methodological and 
technological characteristics of some included studies. 
Data are extracted according to predefined criteria, 
including participant characteristics, therapeutic task, 
body region, wearable sensing technology, sensor 
placement, AI or machine-learning methodology, 
target compensatory movement, reference standard, 
validation strategy, performance measures, real-time 
detection capability, and feedback modality. 
Table 2. Characteristics of Some Included Studies 
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Table 3 presents reported classification and validation 
performance. Metrics are retained according to the 
definitions and evaluation procedures reported in the 
original studies and are not assumed to be directly 
comparable when methodological differences are 
substantial. 
Table 3. AI Classification and Validation 
Performance 
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* Review articles, not individual primary 
studies. They should ideally not be included in the 
final Table 3 if the table intended to report study-level 
AI performance. Wang et al. identified 15 of 72 
included studies using heterogeneous machine-
learning algorithms for automated compensatory-
movement detection, while Wei and Wu summarized 
ML algorithms and reported accuracy across their 
selected rehabilitation  
Do not interpret NR as zero. It means the metric is 
not directly available as a single study-level value 
from the cited review and should extracted from the 
original primary study before final publication. 
Table 4 summarizes evidence concerning the 
transition from movement detection to real-time 
corrective feedback. Particular attention given to 
whether real-time operation is explicitly demonstrated, 
rather than inferred from offline classification 
performance. 
Table 4. Real-Time Detection and Feedback 
Characteristics 
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It contain the evidence regarding the transition from 
wearable movement sensing and automated 
assessment to real-time corrective feedback. The table 
distinguishes systems that explicitly demonstrate real-
time operation from studies that report only offline 
classification or post-exercise assessment. Particular 
attention given to response latency, feedback timing 
and modality, the content of corrective feedback, 
changes in compensatory movement, movement-
quality outcomes, and reported usability or feasibility. 

Discussion 
This systematic review examines the current evidence 
concerning AI-enabled wearable systems for 
automated detection and classification of 
compensatory movements during therapeutic and 
rehabilitation exercise. The evidence demonstrates 
substantial technological development in wearable 
movement sensing and AI-based analysis, but 
considerable methodological heterogeneity remains 
across sensor configurations, movement definitions, 
AI approaches, reference standards, and validation 
procedures. This heterogeneity limits direct 
comparison between studies and highlights the 
importance of interpreting reported classification 
performance within the methodological context of 
each investigation (Lobo et al., 2024; Gu et al., 2026). 
Wearable sensors provide an important opportunity 
for rehabilitation assessment because they enable 
movement-related data acquired outside conventional 
motion-analysis laboratories. IMUs, accelerometers, 
gyroscopes, pressure sensors, smart garments, and 

other body-worn technologies provide complementary 
representations of movement and can support repeated 
assessment during clinical and home-based exercise. 
Previous reviews have demonstrated the expanding 
role of wearable sensing in rehabilitation, including 
movement monitoring, gait assessment, upper-limb 
rehabilitation, and remote therapeutic exercise 
(Porciuncula et al., 2018; Picerno et al., 2021; Sassi et 
al., 2024). The finding extend this technological 
perspective by focusing specifically on the automated 
identification of compensatory movement using AI-
enabled wearable systems and the variability in the 
definition of compensatory movement. Compensation 
represents a task-dependent motor strategy, and its 
identification depends on the intended movement, the 
participant's functional limitation, and the clinical 
context. Studies may use clinician judgments, 
biomechanical thresholds, predefined movement 
categories, or manually annotated movement errors as 
reference standards. Consequently, an AI model 
trained to recognize one operational definition of 
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compensation does not necessarily identify the same 
phenomenon as a model developed using another 
definition. This issue supports the use of explicit 
operational definitions and transparent reference 
standards in future studies (Wang et al., 2022; Halilaj 
et al., 2018). The results highlighted the importance of 
validation methodology. High classification accuracy 
obtained through random splitting of observations can 
provide an optimistic estimate when data from the 
same participant represented in both training and 
testing datasets. Movement data contain participant-
specific characteristics related to morphology, motor 
strategy, exercise experience, and impairment, making 
participant-level separation particularly important. 
Independent testing on unseen participants provides 
stronger evidence of generalizability, while external 
validation across settings and populations provides 
additional evidence regarding clinical robustness. 
These principles are consistent with established 
recommendations for machine learning in human 
movement biomechanics and with broader concerns 
regarding validation of AI-based healthcare 
technologies (Halilaj et al., 2018; Zah et al., 2026). 
The transition from offline classification to real-time 
corrective feedback represents another major 
translational challenge. A model can classify 
previously recorded signals with high accuracy 
without demonstrating sufficiently rapid or robust 
performance during continuous therapeutic exercise. 
Real-time implementation requires integration of 
sensing, signal processing, classification, decision-
making, and feedback delivery within a clinically 
acceptable response time. In addition, feedback must 
be understandable and appropriately timed to avoid 
interfering with task performance. Wearable 
biofeedback systems have demonstrated potential for 
supporting rehabilitation and movement retraining, 
but the effectiveness of feedback depends on the 
interaction between technological performance, 
feedback modality, user characteristics, and 
therapeutic context (Bowman et al., 2021; Garofano et 
al., 2025). Feedback modality represents an additional 
consideration for clinical translation. Visual feedback 
can provide detailed information but may compete 
with visual attention to the therapeutic task, whereas 
auditory and haptic feedback can provide information 
without requiring continuous visual monitoring. 
Multimodal feedback can combine complementary 
information but may increase system complexity. The 
evidence therefore supports evaluating feedback 
according to task requirements, participant 
characteristics, usability, and therapeutic objectives 
rather than assuming that one modality is universally 
superior (Bowman et al., 2021; Sassi et al., 2024). 
The clinical applicability of these systems also 
depends on sensor placement, comfort, robustness, 

and ease of use. A system requiring numerous sensors 
and extensive calibration may achieve detailed 
movement characterization in a laboratory while 
presenting practical limitations during routine 
rehabilitation. Conversely, simplified wearable 
configurations can facilitate home-based monitoring 
but may provide less comprehensive biomechanical 
information. Recent developments in wearable 
rehabilitation technologies and AI-assisted monitoring 
emphasize the need to balance sensing capability with 
usability, scalability, and clinical integration 
(Boltaboyeva et al., 2025; Gu et al., 2026; Lobo et al., 
2024).Several methodological limitations expected 
across the evidence base. Small sample sizes, 
heterogeneous populations, inconsistent compensation 
definitions, limited external validation, incomplete 
reporting of preprocessing and model-development 
procedures, and restricted evaluation in real-world 
environments can limit confidence in reported 
performance. Additional concerns include potential 
data leakage, overfitting, class imbalance, selective 
reporting of favorable metrics, and insufficient 
reporting of participant-level testing. These limitations 
are particularly important for AI systems intended for 
clinical deployment because apparent technical 
performance does not necessarily translate into 
reliable performance across patients, exercises, 
clinicians, or rehabilitation environments (Halilaj et 
al., 2018; Hennrich et al., 2024). The evidence also 
supports a distinction between technological 
feasibility and clinical effectiveness. Demonstrating 
that an AI model detects compensatory movement is 
an important first step, but clinical implementation 
requires evidence that the detected information is 
accurate, interpretable, timely, usable, and capable of 
supporting meaningful changes in movement behavior 
or rehabilitation outcomes. Current developments in 
remote rehabilitation, sensor-based monitoring, and 
intelligent rehabilitation systems increasingly address 
this broader translational pathway (Garofano et al., 
2025; Costa et al., 2026; Santoriello et al., 2026). 
Future research therefore requires greater 
standardization of compensation definitions, reference 
standards, validation procedures, and reporting of 
model development. Studies should prioritize 
participant-independent testing and, where feasible, 
external validation across different populations and 
rehabilitation environments. Reporting of sensor 
placement, sampling characteristics, preprocessing, 
segmentation, feature extraction, model architecture, 
class distribution, and validation procedures also 
requires greater consistency. Such reporting facilitates 
reproducibility and allows meaningful comparison 
between AI-enabled wearable systems (Rethlefsen et 
al., 2021; Halilaj et al., 2018). 
Conclusion 
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AI-enabled wearable sensing represents a promising 
approach for automated detection and classification of 
compensatory movements during therapeutic and 
rehabilitation exercise. Current technologies integrate 
wearable sensors with machine-learning and deep-
learning methods to characterize movement patterns 
and identify deviations from intended therapeutic 
performance. The available evidence supports the 
technical feasibility of wearable-based AI movement 
classification, while also demonstrating substantial 
heterogeneity in sensing technologies, sensor 
placement, compensation definitions, reference 
standards, AI methodologies, and validation 
procedures (Wei & Wu, 2023; Lobo et al., 2024; Gu et 
al., 2026). The clinical translation of these systems 
depends on more than classification accuracy. Reliable 
participant-independent validation, transparent 
reference standards, robust performance across 
rehabilitation settings, acceptable usability, low-
latency processing, and clinically meaningful 
feedback are essential components of a useful 
rehabilitation system. Evidence for real-time 
corrective feedback remains particularly important 
because successful movement classification does not 
itself demonstrate that feedback changes 
compensatory behavior or improves movement 
quality. Future research should therefore prioritize 
external validation, standardized definitions and 
reporting, real-world testing, and prospective 
evaluation of whether AI-enabled wearable feedback 
produces meaningful improvements in therapeutic 
exercise performance and rehabilitation outcomes. 
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