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ABSTRACT

Low back pain (LBP) is one of the most prevalent musculoskeletal disorders worldwide,
and over 85% of chronic cases are classified as chronic nonspecific low back pain
(CNSLBP). Traditional rehabilitation approaches, such as medication, physical therapy,
and self-managed exercise, often face challenges like poor adherence and limited
feedback. With advances in wearable sensors, virtual reality (VR), artificial intelligence
(Al), and tele-rehabilitation, intelligent rehabilitation systems are emerging as innovative
home-based solutions. Following the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) framework, this review analyzes studies on CNSLBP
rehabilitation systems published between 2016 and 2025. It identifies the critical
components, smarttechnologies, and design characteristics of the CNSLBP rehabilitation
systems, while highlighting their effectiveness in improving user engagement. Current
limitations include fragmented system integration, inadequate user experience design,
and weak behavioral intervention mechanisms. Future development should emphasize
standardized digital therapeutics, multimodal personalization, and user-centered
interdisciplinary collaboration to enhance the clinical efficacy and quality of life for
patients.
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INTRODUCTION

Low back pain (LBP) is a major public health challenge, with a lifetime
prevalence of up to 80% and substantial effects on disability and work
participation worldwide (Nijs et al., 2024). When symptoms persist for
at least three months, they may progress to chronic low back pain; more
than 85% of these cases are classified as chronic nonspecific low back pain
(CNSLBP), because no specific pathology can be identified (Balague et al.,
2012). Although medication, physical therapy, education, and home exercise
remain common strategies, traditional pathways often depend on face-to-
face supervision or self-directed exercise, resulting in poor adherence, limited
feedback, and inconsistent movement execution (Maher et al., 2017; Tuckson
et al., 2017).

Recent advances in wearable sensors, mobile health, virtual reality
(VR), artificial intelligence (Al), and tele-rehabilitation have created new
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opportunities for adaptive, interactive, and home-based rehabilitation systems
(Fatoye et al., 2020; Shi et al., 2024). These systems can monitor exercise
performance, provide real-time or asynchronous feedback, and support
personalized training based on individual movement patterns. Evidence
suggests that mobile tele-rehabilitation can deliver exercise programs
remotely, VR-based rehabilitation can improve engagement and functional
outcomes, and Al-assisted programs may outperform conventional video-
guided exercise in some contexts (Dario et al., 2017; Garcia et al., 2022).

However, current studies remain heterogeneous in system structure,
feedback mechanisms, and outcome measurement. Many focus on single
technologies or short-term efficacy, while design-oriented issues such as user
experience, behavioral motivation, usability, and long-term engagement
remain insufficiently explored (Berger et al., 2024; Hurmuz et al., 2025).
This review therefore examines intelligent rehabilitation systems for CNSLBP
from a holistic and design-oriented perspective.

Specifically, the review compares wearable devices, mHealth interventions,
immersive rehabilitation experiences, and Al-assisted systems to identify
research trends and gaps in system integration, user experience assessment,
and behavior-change support.

MATERIALS AND METHODS

This study follows the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines to conduct a systematic review of
intelligent rehabilitation systems for CNSLBP. Studies published between
October 2016 and October 2025 were retrieved, screened, evaluated, and
synthesized to summarize system structures, key technological applications,
and research progress, thereby providing a theoretical foundation for future
system development.

Web of Science, Scopus, and IEEE Xplore were searched using combinations
of keywords related to CNSLBP, intelligent rehabilitation systems, wearable
devices, mobile health applications, VR, Al/machine learning, and system
design. The final keyword categories are shown in Table 1.

Table 1: Search keywords used in the literature search.

Category Strings
Condition “chronic nonspecific low back pain” OR “nonspecific low back pain”

OR “CNSLBP” OR “NSLBP” OR “chronic low back pain”

. “artificial intelligence” OR “machine learning” OR “computer vision”
Technological « ” . o « . »
. OR “IMU sensors” OR “motion tracking” OR “real-time feedback

Applications « . - « . .o

OR “gamification” OR “adaptive training

“intelligent rehabilitation system” OR “digital health system” OR
System Type “mHealth” OR “wearable device” OR “mobile app” OR “VR/AR

platform”

(1) Literature Search: Based on the keywords in Table 1, a systematic
search was conducted in established databases for studies published from
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2016 to 2025. A total of 1,389 records were retrieved. After removing 164
duplicates, 1,225 records remained for screening.

(2) Screening: Titles and abstracts were screened. Records unrelated to
CNSLBP (n = 688), unrelated to intelligent rehabilitation systems (n = 257),
and reviews or short communications (n = 143) were excluded, leaving 137
full-text articles for eligibility assessment.

(3) Eligibility Assessment: Full texts were assessed with an emphasis on
system design and technological application, including system composition,
user experience, wearable devices, mobile applications, VR, and Al in
rehabilitation architecture. Studies primarily focused on clinical efficacy,
biomechanical analysis, or randomized controlled trials were excluded (n =
46), as were studies lacking complete methodological or system descriptions
(n = 68). Finally, 26 studies were included in the qualitative analysis.

c
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Figure 1: PRISMA (Preferred reporting items for systematic reviews and Meta-
analyses) flow diagram of the study selection process.

RESULTS

The reviewed literature shows a clear shift in intelligent rehabilitation systems
for CNSLBP from single-function monitoring tools toward multimodal,
closed-loop systems. Earlier studies mainly emphasized exercise monitoring
and pain assessment with wearable devices, while recent studies increasingly
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integrate Al, VR, and mHealth platforms to support assessment, intervention,
feedback, and personalized self-management. This trend reflects broader
interest in digital health, home-based rehabilitation, and user-centered
approaches.

Earlier studies often focused on physical therapy and pain assessment,
using electrical stimulation, thermotherapy, cryotherapy, accelerometers,
gyroscopes, or SEMG to quantify posture, activity, and pain-related status
(Alfikri et al., 2025). More recent work combines Al, VR, and mHealth into
dynamic systems that link data collection, movement analysis, feedback, and
professional support (Li et al., 2024; Alfikri et al., 2025). The design goal
has gradually shifted from ensuring exercise completion to actively engaging
users through motivation, interaction, and behavior support (Amorim et al.,
2019).

System Composition and Functional Structure

Across the included studies, home-based intelligent rehabilitation systems for
CNSLBP can generally be organized into three layers: perception, processing,
and application. The perception layer collects movement and physiological
data; the processing layer analyzes data and generates decisions; and the
application layer presents guidance, feedback, and remote connectivity.
Together, these layers form a closed loop from data collection to feedback-
guided intervention.

(1) Perception Layer

The perception layer collects user movement and physiological data in real
time. Wearable sensors such as IMUs, accelerometers, gyroscopes, heart-
rate monitors, and sSEMG devices capture posture, activity, and body state.
VR systems use headsets and controllers to track head, hand, and trunk
movements, while some prototypes integrate therapeutic hardware such as
TENS devices to combine sensing and physical therapy support (Alfikri et al.,
2025; Maskeliunas et al., 2023).

Computer vision is another important perception method. Monocular
cameras and pose-estimation algorithms such as MediaPipe or OpenPose
can extract body key points and measure lumbar, pelvic, trunk, and limb
movements during rehabilitation (Garg et al., 2023; Cao et al., 2019).

The DynTherapy system illustrates this approach by using computer
vision and an exercise library to provide customized guidance and real-
time feedback, showing the potential of vision-based systems for home
rehabilitation (Bataineh et al., 2024).

(2) Processing Layer

The processing layer is the analytical core of the system. It preprocesses sensor
data, extracts features, recognizes movement patterns, evaluates progress,
and supports individualized rehabilitation decisions.
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Many systems embed evidence-based exercise libraries and educational
content to ensure safety and clinical relevance. The selfBACK system, for
example, combines guideline-based decision support with machine-learning
algorithms to generate adaptive weekly exercise and activity plans (Hurmuz
et al., 2025).

The BACK-to-MOVE model uses pose-estimation algorithms to classify
functional impairment in people with low back pain, achieving accuracy
above 93% (Hartley et al., 2024). Such models can transform raw video or
sensor data into clinically meaningful feedback.

(3) Application Layer

The application layer is the user-facing part of the system, including mobile
apps, tablets, VR interfaces, and dedicated devices. It delivers exercise
guidance, feedback, progress information, reminders, and remote interaction.
RabbitRun uses a gamified VR environment to guide lumbar movements
(Alazba et al., 2018), while Dolodoc supports self-management by recording
pain, mood, sleep, and other dimensions and providing personalized
recommendations (Ehrler et al., 2025).

Feedback is usually multimodal, including progress bars, virtual coach
animations, voice prompts, alerts, and device vibration. Notifications and
training reminders are also used to encourage continued participation and
build rehabilitation habits.

Network and cloud services extend the application layer by enabling data
transmission, remote access, and professional support. Activity data can be
synchronized with online platforms so that coaches or therapists can provide
individualized advice (Amorim et al., 2019).

Thus, the three-layer architecture links sensing hardware, algorithmic
analysis, and user-facing interaction. Its effectiveness depends on both
technical accuracy and whether feedback is understandable, timely, and
acceptable for home users.

Figure 2: Hierarchy diagram of the intelligent rehabilitation system architecture.
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Applications of Intelligent Technologies in Home Rehabilitation

Home-based rehabilitation systems increasingly use mobile health, wearable
devices, VR, AR, and Al to move rehabilitation from hospital-centered care
to continuous home-based self-management. These technologies reduce
temporal and spatial barriers, offer lower-cost support, and may improve
pain, function, self-efficacy, and long-term adherence. However, their
value depends on whether technology is connected to users’ real contexts,
motivations, and behavioral barriers.

From a design perspective, intelligent rehabilitation should be understood as
a user-centered and behavior-change-oriented intervention. Health behavior
intervention systems should combine psychological theory and human-
computer interaction, using motivation enhancement, behavior guidance,
and personalized feedback to promote long-term behavior formation (Zhou
et al., 2025). Frameworks such as COM-B, HAPA, and Self-Determination
Theory can guide design by explaining rehabilitation behavior through
capability, opportunity, motivation, and intrinsic needs.

Accordingly, research is shifting from technological feasibility to behavioral
sustainability, emphasizing personalization, gamification, immersive
interaction, and social support.

(1) Wearable Smart Device Research

Wearable devices are important tools for monitoring posture, activity, and
physiological status in daily contexts. They typically use IMUs, pressure
sensors, SEMG, or heart-rate sensors, and some devices also provide heat,
massage, or electrical stimulation for pain relief and lumbar relaxation.

Studies emphasize lightweight design, comfort, and daily usability.
Rodriguez et al. developed a low-cost wearable system with three IMU sensors
to monitor trunk and pelvic posture, provide real-time angle correction, and
record data for therapy optimization (Rodriguez et al., 2021). However,
bulky devices, sensor displacement, environmental interference, and restricted
movement can reduce adherence (Bootsman et al., 2019).

Future wearable design should reduce device burden while integrating
monitoring data with simple, actionable software feedback.

(2) Mobile Health Platform Research

Mobile health platforms provide exercise instruction, pain and activity
logging, education, reminders, progress visualization, and patient-
clinician communication. Apps such as Kaia combine education, exercise,
and mindfulness-based relaxation for home self-management (Toelle et
al., 2019). Co-design studies, including MyPainHub, show the value of
involving patients, clinicians, and developers in defining needs and interface
requirements (Evans et al., 2025; Zhou et al., 2025).

However, app-based rehabilitation is not automatically effective. Static
videos or images without supervision, real-time correction, or accurate
feedback may not improve adherence or pain outcomes, and complex
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interfaces can increase use barriers (Lewkowicz et al., 2023; Menychtas et
al., 2022).

Future mHealth systems should combine simple interaction design with
posture monitoring, personalized feedback, and safe home-exercise guidance
(Cruz-Diaz et al., 2025).

(3) Emerging Technology Research

Al, big data, VR, AR, and gamification are increasingly used to support
intelligent prediction, immersive interaction, and personalized rehabilitation
pathways. VR is particularly relevant for users with kinesiophobia because
immersive environments can redirect attention from pain or fear, reduce
anxiety, and make therapeutic movements more engaging (Visentin et al.,
2025).

RabbitRun illustrates immersive rehabilitation by asking users to control a
rabbit character through trunk flexion and extension while avoiding obstacles
and collecting rewards (Alazba et al., 2018). AR-based interventions also
show potential by overlaying virtual coaches or psychoeducational content
onto real scenes, correcting misconceptions about pain while reducing
limitations of full VR, such as dizziness (Lo et al., 2018).

Immersive interaction alone cannot ensure effectiveness. Feedback remains
essential, and studies suggest that combining auditory, visual, and tactile
feedback can improve usability and motor learning, although no single
feedback mode is optimal for all users (Conen et al., 2025).

Challenges remain in device cost, complexity, motion sickness, and long-
term adoption. Future research should improve lightweight hardware,
multimodal feedback, safety, and usability so that emerging technologies can
support sustained behavior change rather than short-term novelty.

DISCUSSION AND FUTURE DIRECTIONS

Overall, intelligent rehabilitation systems for CNSLBP show promise in
improving adherence, engagement, self-management, and clinical outcomes
through real-time feedback, gamified interaction, Al-driven personalization,
and remote professional support (Fatoye et al., 2020; Shi et al., 2024; Garcia
et al., 2022; Li et al., 2024). However, the evidence base is still limited by
small samples, short follow-up periods, heterogeneous outcome measures,
and a focus on single technologies rather than integrated systems.

From a design perspective, user experience remains insufficiently addressed.
Many studies emphasize technical functionality but provide limited evaluation
of interface usability, motivation, perceived burden, and behavior-change
mechanisms (Amorim et al., 2019; Berger et al., 2024; Zhou et al., 2025).
Future development should therefore strengthen co-design, usability testing,
implementation planning, and behavioral science frameworks.

System integration is another major challenge. Many current solutions
function as isolated apps, devices, or experimental platforms and lack
interoperability with healthcare information systems or wearable ecosystems
(Rodriguez et al., 2021; Bootsman et al., 2019; Toelle et al., 2019; Evans
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et al., 2025). Open platforms connecting sensors, apps, cloud services, and
clinician dashboards could support more continuous care, provided that
privacy, simplicity, and acceptance are addressed.

Future development is likely to move toward standardized digital
therapeutics,  multimodal  personalization, and interdisciplinary
collaboration. Al can dynamically adjust training intensity, predictive models
can identify relapse risks, and mixed reality may provide more interactive
rehabilitation environments. At the same time, social support and clinician-
patient communication should be incorporated to strengthen adherence and
practical implementation.

CONCLUSION

This review summarizes the development of intelligent rehabilitation systems
for CNSLBP. Current systems use wearable devices, mobile applications, VR,
and Al algorithms to support personalized home-based rehabilitation. They
can improve adherence, self-management, pain reduction, and functional
recovery, but most studies remain preliminary and lack long-term validation.
Future work should emphasize integrated architecture, user-centered interface
design, behavior-change mechanisms, and interdisciplinary collaboration.
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