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Abstract 

Low-back pain (LBP) remains one of the most prevalent and disabling musculoskeletal conditions 

globally, with profound social, economic, and healthcare implications. The increasing incidence and 

chronicity of LBP have highlighted the need for more objective, personalized, and effective 

approaches to assessment and rehabilitation. In this context, bioengineering has emerged as a 

transformative field, offering novel tools and methodologies that enhance the understanding and 

management of LBP. This narrative review examines current bioengineering applications in both 

diagnostic and therapeutic domains. For assessment, technologies such as wearable inertial sensors, 

three-dimensional motion capture systems, surface electromyography, and biomechanical modeling 

provide real-time, quantitative insights into posture, movement patterns, and muscle activity. On the 

therapeutic front, innovations including robotic exoskeletons, neuromuscular electrical stimulation, 

virtual reality-based rehabilitation, and tele-rehabilitation platforms are increasingly being 

integrated into multimodal treatment protocols. These technologies support precision medicine by 

tailoring interventions to individual biomechanical and functional profiles. Furthermore, the 

incorporation of artificial intelligence into clinical workflows enables automated data analysis, 

predictive modeling, and decision support systems, while future directions such as digital twin 

technology hold promise for personalized simulation and outcome forecasting. While these 

advancements are promising, further validation in large-scale, real-world settings is required to 

ensure safety, efficacy, and equitable accessibility. Ultimately, bioengineering provides a 

multidimensional, data-driven framework that has the potential to significantly improve the 

assessment, rehabilitation, and overall management of LBP. 

Keywords: low back pain; bioengineering; wearable sensors; electromyography; virtual reality; 

artificial intelligence; rehabilitation 

 

1. Introduction 

LBP affects up to 80% of individuals during their lifetime and remains a major contributor to the 

global burden of disease [1,2]. As highlighted by the Global Burden of Disease Study, LBP 

consistently ranks among the leading causes of years lived with disability (YLDs), significantly 

impacting workforce participation, healthcare expenditure, and overall quality of life [3]. The 

etiology of LBP is complex and heterogeneous, involving mechanical, neuropathic, inflammatory, 

and psychosocial components that vary across patients and disease trajectories [4]. This multifaceted 
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nature, coupled with the inherently subjective experience of pain, poses considerable challenges in 

establishing accurate diagnoses and formulating effective rehabilitation strategies. 

Conventional clinical assessments of LBP typically rely on a combination of patient-reported 

outcome measures (PROMs), physical examination findings, and static imaging modalities. While 

these approaches provide valuable information, they often lack the objectivity and granularity 

necessary to evaluate subtle biomechanical impairments or detect functional changes over time [5]. 

Instruments such as the Visual Analog Scale (VAS) and the Oswestry Disability Index (ODI) quantify 

perceived pain intensity and disability but offer limited insight into neuromuscular coordination, 

postural control, or compensatory movement strategies. Additionally, structural imaging techniques, 

including magnetic resonance imaging (MRI) and computed tomography (CT), frequently 

demonstrate poor correlation with clinical symptomatology, potentially leading to underdiagnosis 

or overtreatment in certain patient subgroups [6]. 

In recent years, the field of bioengineering has emerged as a pivotal discipline to bridge these 

diagnostic and therapeutic gaps. By integrating physiological measurements, biomechanical 

principles, and computational modeling, bioengineering offers a suite of technologies capable of 

delivering objective, reproducible, and high-resolution data relevant to spinal function and 

dysfunction [7]. Among these innovations, wearable sensor systems, particularly those employing 

inertial measurement units (IMUs), have proven instrumental in capturing continuous data on spinal 

motion, gait dynamics, and postural variability. IMUs, comprising accelerometers, gyroscopes, and 

magnetometers, can be affixed to the trunk, pelvis, or lower limbs, enabling three-dimensional 

tracking of movement patterns and detection of asymmetries or maladaptive motor behaviors that 

may perpetuate pain [8]. This transition from episodic clinical assessment to continuous, real-world 

monitoring enhances both diagnostic fidelity and patient engagement. 

Surface electromyography (sEMG) represents another cornerstone of bioengineered assessment, 

facilitating real-time analysis of muscle activation, fatigue, and recruitment deficits often observed in 

chronic LBP populations [9]. Advances in miniaturization and wireless technology have yielded 

high-fidelity EMG systems suitable for both clinical and home use, supporting tailored 

neuromuscular re-education strategies based on dynamic feedback [10]. 

Motion capture systems and force platforms further contribute to the comprehensive assessment 

of posture, balance, and functional tasks such as lifting, walking, or trunk flexion-extension. When 

integrated with biomechanical models and finite element analysis (FEA), these data streams enable 

the simulation of internal tissue loads and the evaluation of mechanical stress distribution within 

spinal components [11,12]. Such simulations not only inform diagnostic classification but also predict 

tissue response to therapeutic interventions, thereby enhancing the personalization of rehabilitation 

protocols. 

In addition, robotic rehabilitation systems have gained traction as tools for providing 

programmable, adaptive mechanical assistance or resistance during therapeutic movement. These 

devices promote safe and repetitive motor practice, facilitating motor relearning in patients with 

impaired mobility, postural instability, or kinesiophobia [13]. Their use is particularly relevant in 

subpopulations requiring progressive loading or compensatory training within controlled 

environments. 

Advanced imaging methodologies, including MRI-based radiomics and diffusion tensor 

imaging (DTI), further enrich the bioengineering toolkit. These technologies allow for the extraction 

of quantitative biomarkers reflective of intervertebral disc composition, facet joint integrity, and 

nerve tract alterations [14]. When combined with AI and machine learning algorithms, these data can 

support predictive modeling and phenotypic clustering, leading to earlier identification of high-risk 

patients and optimized treatment pathways [15]. 

Hence, bioengineering introduces a multidimensional and technologically sophisticated 

framework for the assessment and rehabilitation of LBP. By merging real-time monitoring, functional 

analysis, and computational prediction, it offers an opportunity to move beyond conventional 

paradigms toward precision-guided, mechanism-based musculoskeletal care. This narrative review 
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was designed to synthesize current evidence and technological advances related to bioengineering 

applications in the assessment and rehabilitation of LBP. 
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2. Materials and Methods 

The methodological approach adhered to accepted principles for narrative synthesis and was 

informed by the Scale for the Assessment of Narrative Review Articles (SANRA) to ensure clarity, 

scientific credibility, and completeness [16]. A structured literature search was conducted across 

multiple databases, including PubMed, Scopus, Web of Science, and IEEE Xplore, to capture a 

comprehensive array of peer-reviewed publications. The search strategy combined Medical Subject 

Headings (MeSH) and free-text terms related to LBP (e.g., "low back pain", "lumbar pain", "chronic 

back pain"), bioengineering tools (e.g., "biomechanics", "wearable sensors", "surface 

electromyography", "motion analysis", "robotic rehabilitation", "finite element analysis"), and 

advanced technologies (e.g., "artificial intelligence", "digital health", "radiomics"). Boolean operators 

(AND, OR) were applied to optimize sensitivity and specificity of the search. 

The initial search covered studies published from January 2014 through June 2025, ensuring a 

focus on recent advances within the last decade. Only articles published in English were considered. 

Both primary research articles (e.g., clinical trials, cohort studies, feasibility studies, engineering 

applications) and secondary literature (e.g., systematic reviews, narrative reviews, technical reports) 

were included, provided they addressed the integration of bioengineering techniques into the 

diagnostic or rehabilitative management of LBP. 

The selection process proceeded in two phases. First, titles and abstracts were screened for 

relevance. Studies that did not involve LBP, bioengineering applications, or clinical relevance were 

excluded. In the second phase, full texts were retrieved and reviewed to confirm eligibility. Articles 

were included if they reported on the development, clinical implementation, or evaluation of 

technologies related to motion analysis, neuromuscular assessment, biomechanical modeling, 

wearable monitoring, robotics, imaging analytics, or digital rehabilitation tools in LBP populations. 

Data extraction was performed manually and included information on study type, technological 

application, patient population (when applicable), clinical or biomechanical outcomes, and key 

findings. Where appropriate, findings were grouped thematically based on the phase of care 

(assessment or rehabilitation) and the primary engineering modality used (e.g., sensor-based 

tracking, imaging, machine learning). Particular attention was given to evidence supporting 

objectivity, reliability, clinical utility, and patient-centered outcomes. 

The synthesis of included literature was qualitative, aiming to capture technological trends, 

methodological rigor, and translational potential. The review did not involve meta-analysis or 

quantitative pooling of data, given the heterogeneity in study designs, technologies, and outcome 

measures. To ensure scientific integrity, the review incorporated only peer-reviewed sources and 

emphasized findings supported by reproducible methodologies and real-world application. 

References were curated based on their relevance, methodological quality, and contribution to 

understanding how bioengineering can support personalized, mechanistically informed care in LBP 

management. 

3. Results 

The structured literature search yielded 267 records across four databases. After the removal of 

duplicates, 214 unique articles were screened based on titles and abstracts. Of these, 136 were 

excluded due to irrelevance, leaving 78 full-text articles assessed for eligibility. Following detailed 

evaluation, 43 peer-reviewed studies were included in the final qualitative synthesis. The selection 

process is depicted in the PRISMA-style flow diagram (Figure 1). 
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Figure 1. PRISMA flow diagram illustrating the selection process of the literature related to the topic. 

The results of this review were synthesized according to the primary domain of bioengineering 

intervention and its clinical application in LBP management. The included studies covered a wide 

spectrum of technological tools applied in either the assessment or rehabilitation phase, or both 

(Table 1). 

Table 1. Primary division of the most relevant bioengineering domains emerging from the literature, and related 

to use of advanced technologies in LBP patients. 
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Bioengineering Domain Applications in LBP N. of Relevant Studies 

Wearable Sensors Real-time monitoring of 

posture and movement 

8 

Surface EMG Assessment of muscle 

activity and fatigue 

6 

Motion Capture Quantification of 

functional tasks and gait 

5 

Biomechanical Modeling Simulation of spinal 

loads and tissue stress 

6 

Robotic Rehabilitation Systems Automated, adaptive 

therapeutic support 

5 

Advanced Imaging Quantitative biomarkers 

for diagnosis and 

progression 

7 

AI/Machine Learning Predictive analytics, 

phenotyping, decision 

support 

6 

Wearable sensors, especially IMUs, were the most frequently reported tools, used in eight 

studies [17–24]. These devices demonstrated high utility for real-time, ecological tracking of lumbar 

spine kinematics, postural sway, and gait asymmetries. Their clinical relevance lies in detecting 

functional impairment during activities of daily living and enabling remote assessment paradigms. 

sEMG featured in six studies, primarily investigating neuromuscular imbalances, muscle fatigue 

patterns, and motor control strategies [25–30]. These findings have direct implications for tailoring 

trunk muscle training and evaluating therapy response. 

Motion capture systems, described in five studies, enabled precise quantification of segmental 

motion, particularly during standardized tasks such as forward bending, lifting, and walking [31–

35]. Such kinematic data were often integrated with ground reaction forces or EMG to create a 

multidimensional movement profile. 

Biomechanical modeling, including FEA was explored in six studies [12,36–40]. These models 

provided insight into internal spinal loading, stress distribution across discs and vertebrae, and 

hypothetical effects of various rehabilitative exercises. This modality is particularly valuable for 

developing patient-specific therapeutic interventions. 

Robotic rehabilitation systems were evaluated in five studies [13,41–44]. These devices facilitated 

programmable and progressive trunk stabilization, gait training, or lumbar support, particularly 

among patients with significant motor impairment or fear-avoidance behaviors. Robotic tools were 

reported to improve adherence, safety, and motor relearning outcomes. 

Advanced imaging techniques were utilized in seven studies [45–51]. Applications included 

MRI-based radiomics and DTI, which yielded quantitative biomarkers associated with disc 

degeneration, Modic changes, and neural tract integrity. These findings may enhance diagnostic 

stratification and therapy personalization. 

Finally, AI and machine learning tools were integrated in six studies [52–57]. These algorithms 

processed multimodal inputs (kinematics, EMG, imaging) to classify LBP phenotypes, predict 

rehabilitation outcomes, or guide clinical decision-making. Emerging uses of digital twins and 

predictive modeling were also noted as future-ready innovations. 

In summary, the literature demonstrates a robust and expanding role for bioengineering 

technologies in the management of LBP. Each modality contributes unique insights, and their 

combined application offers a more objective, individualized, and mechanistically informed 

framework for both assessment and rehabilitation. To make this narrative review clinically useful, 

the results have been divided into two sections regarding diagnostic and therapeutic aspects, as will 

be discussed later. 
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3.1. Bioengineering in the Assessment of LBP 

Wearable Sensors 

IMUs, which typically integrate accelerometers, gyroscopes, and magnetometers, have emerged 

as valuable tools in the objective assessment of lumbar spine function and movement dynamics 

[17,18]. These wearable sensors provide continuous, real-time data on posture, range of motion 

(ROM), and segmental kinematics across multiple planes of movement [19,20]. Their capacity for 

high-resolution motion tracking has been extensively validated in both clinical and ambulatory 

environments, making them particularly suited for assessing functional mobility in individuals with 

LBP [58,59]. 

Unlike traditional observational or static assessment techniques, IMU-based systems offer an 

ecological and dynamic method for evaluating motor behavior during activities of daily living, 

including sporting and work activities [23]. They can detect subtle deviations from normative 

movement patterns, including aberrant spinal alignment, asymmetrical gait, and compensatory 

trunk or pelvic motions, factors often associated with chronic LBP (CLBP), functional disability, or 

maladaptive coping strategies [17,60]. As a consequence, they allow to track an individual's lumbar 

movement-based phenotype, highlighting the correlations between spinal kinematics and patient-

reported outcomes [61]. Additionally, these devices facilitate longitudinal monitoring, enabling 

clinicians to track rehabilitation progress, quantify treatment effects, and detect early signs of 

deterioration or improvement with minimal patient burden [62]. 

Recent developments have extended the functionality of IMUs through the deployment of multi-

sensor arrays positioned over the lumbar spine, pelvis, and lower extremities [63]. This configuration 

allows for a three-dimensional reconstruction of trunk and pelvic kinematics, which is particularly 

relevant for understanding complex intersegmental coordination and load transfer mechanisms 

during tasks such as lifting, bending, or walking [18,24]. Moreover, the integration of IMU data with 

machine learning algorithms and biomechanical modeling frameworks has opened new avenues for 

personalized diagnosis and intervention [64]. In fact, advanced wearable sensors could represent the 

way to build TR protocols and in-presence exercise programs completely individualized according 

to a patient's LBP mechanisms and characteristics [65]. 

Surface Electromyography (sEMG) 

sEMG is a non-invasive bioengineering tool that provides detailed information about the 

electrical activity of superficial muscles, including the paraspinal and abdominal musculature [28]. 

Unlike traditional needle electromyography, sEMG is a non-invasive and easy-to-use method that is 

revolutionizing various fields of applied rehabilitation, particularly in sports rehabilitation [66]. 

Its application in LBP research and rehabilitation has significantly advanced the understanding 

of neuromuscular dysfunctions commonly observed in this population [30]. Patients with CLBP often 

exhibit abnormal muscle recruitment patterns, increased fatigability, and bilateral asymmetries in 

activation, particularly in the lumbar erector spinae and multifidus muscles [67]. These 

neuromuscular deficits are believed to contribute to impaired spinal stability, altered movement 

strategies, and heightened risk of recurrence. 

A study by Arvanitidis et al. revealed that patients suffering from CLBP increased sEMG-torque 

coherence in more cranial lumbar erector spinae regions, while the opposite was observed for the 

controls (p = 0.043), suggesting that pain could be related to compensatory strategies and regional 

adjustments of this muscle's oscillatory activity [25]. Recent technological developments have led to 

the miniaturization and refinement of sEMG systems [68]. Modern wireless sEMG devices now offer 

improved signal-to-noise ratios, multi-channel recording capability, and real-time data visualization, 

which facilitate their use in both clinical and ambulatory environments [29]. These systems enable 

the assessment of dynamic muscle function during a variety of functional tasks, such as gait, trunk 

flexion-extension, and lifting, providing ecologically valid insights into motor control behavior. In 

this sense, a recent systematic review by Moessenet et al. proposed an interesting muscular activity 
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biomarker model to understand the musculoskeletal factors underlying chronic non-specific LBP 

[27]. This could help rehabilitation professionals to create more specific therapeutic strategies for 

these patients, selecting the target muscles of rehabilitation with extreme precision. 

Therefore, the integration of sEMG data into biofeedback platforms and neuromuscular training 

protocols allows for personalized rehabilitation approaches [69]. Real-time feedback on muscle 

activation enables patients to consciously adjust their recruitment patterns, promoting more efficient 

and symmetrical muscle engagement [26,56]. Most importantly, this muscle feedback also allows 

physiotherapists to monitor and modify the execution of therapeutic exercises, making them more 

effective and enabling quicker functional recovery [70]. 

Hence, sEMG represents a robust and evolving modality for quantifying neuromuscular 

function in LBP, with strong potential to inform precision-guided rehabilitation strategies. 

Motion Capture and Gait Analysis 

Optoelectronic motion capture systems are widely regarded as the gold standard for high-

fidelity analysis of spinal and whole-body kinematics [71]. These systems utilize arrays of high-speed 

infrared cameras and reflective markers to precisely track three-dimensional joint and segmental 

movements with sub-millimeter accuracy. Their application in the assessment of LBP has enabled 

detailed characterization of spinal mobility, intersegmental coordination, and postural adaptations 

during static and dynamic tasks [8]. When integrated with force platforms and sEMG, motion capture 

systems offer a comprehensive biomechanical framework capable of evaluating ground reaction 

forces, joint moments, and muscle activation patterns [72]. This multimodal approach provides 

robust insight into neuromechanical impairments, particularly in CLBP populations, where altered 

trunk control, reduced lumbar curvature, and desynchronized movement patterns have been 

consistently reported [35,57]. 

Such integration is especially valuable in distinguishing between functional subgroups of LBP 

and in assessing responses to therapeutic interventions. From this perspective, gait analysis can even 

constitute a tool for quantifying LBP in a more objective way than traditional self-reported scales. 

Giglio et al. described an interesting clinical case of LBP relief using radiofrequency for facet joint 

syndrome, but more importantly, the authors provided an in-depth analysis of the motion changes 

as pain modification indicators [73]. 

Despite their diagnostic accuracy, traditional optoelectronic systems are often limited to 

laboratory settings due to high costs, complex setup requirements, and spatial constraints. However, 

recent advancements in portable and marker less motion capture technologies, such as depth sensors 

and wearable inertial devices, are facilitating the translation of this modality into clinical practice 

[72,74]. These emerging systems offer reduced setup time, user-friendly interfaces, and satisfactory 

accuracy for routine assessment, making them increasingly accessible for physiotherapists and 

rehabilitation specialists [24,75]. As technological refinements continue, motion capture, particularly 

when integrated with musculoskeletal modeling and AI-based analytics, is expected to play a central 

role in personalized movement analysis and precision rehabilitation planning for LBP patients. 

Biomechanical Modeling and Finite Element Analysis (FEA) 

Computational modeling, particularly FEA, has become a pivotal tool in the biomechanical 

evaluation of spinal function and dysfunction [12,40]. By replicating the anatomical and material 

properties of spinal components, such as vertebrae, intervertebral discs, ligaments, and musculature, 

these models enable detailed simulation of spinal load distribution, segmental deformation, and disc 

mechanics under a range of postural and loading conditions [36]. This approach is especially valuable 

in LBP research, where internal stress patterns and tissue-level interactions cannot be directly 

observed in vivo. 

Patient-specific finite element models, derived from high-resolution imaging modalities (e.g., 

MRI, CT), offer an individualized representation of spinal biomechanics, facilitating the prediction of 

mechanical responses to various rehabilitative exercises, postural corrections, or surgical 
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interventions [38,76]. These simulations can account for anatomical variability, degenerative changes, 

and altered boundary conditions, providing insights into the biomechanical consequences of clinical 

decisions such as intervertebral disc unloading, lumbar fusion, or trunk stabilization exercises [77]. 

Beyond research and diagnosis, FEA serves an important role in clinical education and shared 

decision-making [78]. Visualization of stress concentrations or deformation patterns allows clinicians 

to explain pathology and therapeutic rationale in a patient-specific context, thereby enhancing 

understanding and treatment adherence [79]. Furthermore, when combined with motion capture and 

electromyography data, FEA models can be dynamically driven to simulate real-life movements, 

offering a unique perspective on how altered kinematics or neuromuscular control affect spinal tissue 

loading [80]. 

Overall, computational modeling bridges the gap between static anatomical imaging and 

dynamic mechanical function, supporting precision-guided diagnosis, risk assessment, and 

intervention planning in individuals with LBP. 

Imaging Biomarkers and Radiomics 

Advanced imaging modalities such as MRI, CT and musculoskeletal ultrasound have long been 

cornerstones in the diagnostic workup of LBP [47]. These techniques allow for visualization of 

structural abnormalities including intervertebral disc degeneration, facet joint arthropathy, spinal 

canal stenosis, and paraspinal muscle atrophy. However, conventional imaging is often limited by its 

qualitative nature and weak correlation with symptom severity, particularly in cases of non-specific 

or CLBP [6,81]. 

In recent years, the emergence of radiomics (the high-throughput extraction and analysis of 

quantitative features from medical images) has revolutionized spinal imaging by enabling objective, 

reproducible characterization of tissue morphology, texture, and intensity patterns [82]. When 

applied to lumbar spine MRI or CT, radiomic signatures have demonstrated potential to identify 

Modic changes, stratify disc degeneration, and assess vertebral endplate integrity with greater 

sensitivity than traditional radiological scoring systems [47,83]. 

These advancements have been further amplified through integration with machine learning 

algorithms. Supervised learning models can analyze complex radiomic datasets to classify pain 

phenotypes, predict rehabilitation or surgical outcomes, and differentiate between nociceptive and 

neuropathic pain mechanisms [55,84]. For instance, DTI and quantitative T2 mapping have been used 

to detect microstructural alterations in the spinal cord and adjacent neural tissues, thereby enhancing 

the diagnostic yield in cases of lumbar radiculopathy or spinal cord injury [85]. 

Muhaimil et al. [86] carried out a case-control study on 200 MRI patients referred for LBP and 

found that machine learning and deep learning models could effectively predict lumbar pain 

analyzing T2 weighted images of the lumbar spine. Similarly, Climent-Peris et al. [87] conducted a 

prospective-observational study to build a predictive model using lumbar MRI to identify patients 

who are more likely to improve their non-specific CLBP through rehabilitation programs. 

Moreover, the combination of radiomic data with clinical variables and functional metrics, such 

as gait or electromyographic patterns, holds promise for building predictive models and digital twins 

that may support personalized treatment planning in LBP populations [88]. As computational tools 

and imaging resolution continue to evolve, radiomics stands to significantly improve diagnostic 

precision, prognostication, and therapy selection in musculoskeletal spine care. An overview of the 

bioengineering modalities applied in the assessment of low back pain (LBP) is presented in Figure 2.  
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Figure 2. Bioengineering tools used in the assessment of LBP. The figure highlights key technologies including 

wearable inertial sensors (IMUs) for motion tracking, surface electromyography (sEMG) for evaluating muscle 

activation and fatigue, motion capture systems for kinematic analysis, biomechanical modeling and finite 

element analysis (FEA) for simulating spinal load distribution, and advanced imaging with radiomics and 

machine learning classifiers for phenotype identification and personalized assessment. 

3.2. Bioengineering in Rehabilitation of LBP 

Robotic Rehabilitation Systems 

Robotic-assisted rehabilitation has emerged as a promising approach for delivering precision-

controlled, repeatable, and adaptable training paradigms to individuals suffering from many chronic 

diseases, including LBP [13,41,89]. These technologies include active orthoses and lumbar 

exoskeletons that offer dynamic postural support, promote symmetrical movement execution, and 

reduce excessive spinal loading during tasks involving lifting, walking, or prolonged standing 

[13,90]. By offloading the lumbar spine, such systems aim to correct maladaptive motor strategies 

and facilitate the re-establishment of neuromuscular control, particularly in patients with chronic or 

recurrent LBP [91]. 

Recent studies have demonstrated that robotic rehabilitation may enhance treatment adherence, 

improve trunk stability, and reduce pain severity in both occupational and clinical settings [92,93]. 

Qi et al. proposed an exoskeleton based on a single compression spring with a lower support moment 

and higher traction performance, obtaining a reduction in L5/S1 disc pressure without additionally 

increasing muscle activation, thus relieving LBP [94]. A systematic review published in 2021 stated 

that back-support exoskeletons and soft robotic suits could drastically reduce LBP and 

musculoskeletal diseases in workers exposed to physical loads and manual handling tasks [95]. This 

is the demonstration that innovative ergonomics solutions could really counteract the biomechanical 

factors favoring LBP, but there are various technical challenges and a lack of established safety 

standards limiting these positive perspectives. 

Importantly, advanced exoskeletons allow for real-time adjustment of torque, stiffness, and 

resistance parameters based on the user's physical capacity and rehabilitation goals, enabling 

personalized progression and safety [96]. This level of individualization makes robotic interventions 

well suited for patients with high levels of fear-avoidance or impaired functional capacity. 

Although traditionally limited to research environments, the increasing miniaturization and 

cost-effectiveness of robotic systems support their potential for integration into outpatient 

rehabilitation and workplace prevention programs. These devices may be especially beneficial in 

cases requiring repetitive task training, reconditioning, or biomechanical unloading of the lumbar 

spine [97]. 
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Virtual Reality and Augmented Feedback 

VR-based rehabilitation integrates immersive virtual environments with real-time biofeedback 

to actively engage patients both cognitively and physically during therapeutic tasks [98]. The 

scientific literature grants solid evidence regarding VR-based rehabilitation effectiveness in patients 

suffering from neurological diseases, such as multiple sclerosis and Parkinson's Disease [99,100]. 

In the same way, VR has been shown to significantly enhance motivation and treatment 

adherence in individuals with CLBP [101]. For example, Matheve et al. [102] demonstrated that VR 

distraction induced hypoalgesia in CLBP patients and reduced kinesiophobia. These systems use 

visual and auditory feedback loops that facilitate motor learning by reinforcing correct movement 

patterns and providing immediate corrective cues [103]. Furthermore, VR platforms can simulate 

real-world functional scenarios, such as bending, reaching, or walking in varying contexts; thereby 

promoting functional improvements and diminishing fear-related avoidance behaviors common in 

chronic pain populations [104]. A recent meta-analysis reported that VR-based training produced 

significant reductions in both pain intensity and pain-related fear, although sustained effects on 

disability at short-term follow-up were not demonstrated [105]. 

Moreover, a comparative study by Massah et al. [106] showed that exergames, a clinical 

application of VR, may have potential therapeutic advantages over traditional core stability exercise 

interventions for CLBP. 

In conclusion, the integration of immersive VR into TR projects can improve LBP treatments for 

both patients and healthcare providers, but there is still the need to make these technological tools 

economically accessible and easy to use [107]. 

Neuromuscular Electrical Stimulation (NMES) and Functional Electrical Stimulation (FES) 

NMES has emerged as an effective modality for re-educating inhibited or atrophied trunk 

muscles in individuals with CLBP [108]. Surface NMES applied to the lumbar multifidus or erector 

spinae enhances muscle activation, strength, and endurance, with studies demonstrating significant 

improvements in motor unit recruitment and muscle cross-sectional area (CSA) after multi-week 

treatment sessions [109]. FES extends this capability by enabling active movement via electrically 

stimulated contractions of targeted muscle groups, which is particularly beneficial during post-

operative recovery or severe deconditioning [109]. 

Wolfe et al. [110] found that multifidus NMES can effectively reduce LBP improving muscle 

activation and counteracting its stiffness. Recent advancements have led to closed-loop NMES/FES 

systems that dynamically adjust stimulation parameters based on real-time feedback from movement 

sensors or EMG, optimizing motor responses and reducing muscle fatigue [111]. 

NMES also represents a useful diagnostic tool. Wattananon et al. [112] investigated the 

usefulness of the combination of NMES and ultrasound for detecting muscular deficit of the 

multifidus, which often is involved in CLBP; the authors suggested that NMES could also be a great 

prognostic instrument in the rehabilitation field, allowing to monitor the multifidus response to 

physiotherapy and exercises. 

Computer-Guided Exercise Programs and Tele-rehabilitation (TR) 

Digitally delivered exercise programs, guided by motion sensors or camera-based systems, offer 

personalized, real-time instruction and correction for individuals with LBP. These platforms facilitate 

remote monitoring and ensure adherence to exercise protocols, improving fidelity and consistency of 

home-based therapy [113,114]. Embedded bioengineering tools (such as many of those mentioned 

before in this review) enable dynamic adjustment of exercise difficulty, objective progress tracking, 

and generation of performance metrics [115]. Consequently, these systems bridge the gap between 

clinic and home, enhancing patient engagement and treatment efficacy. 

It is therefore no coincidence that TR has reached its maximum expansion in recent years, 

following the onset of the Covid-19 pandemic and the restrictions it entailed to reduce the virus 
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spread [116]. Moreover, TR offers the opportunity to treat and monitor a patient with a 

musculoskeletal disease, providing many rehabilitation solutions based on advanced technological 

devices [117]. LBP, especially in its chronic form, represent a pivotal field of TR application. 

A recent review states that TR helps to improve treatments adherence and pain relief in LBP 

patients, even if the high heterogeneity in the use of digital methods poses limitations on conclusive 

outcomes [118]. A meta-analysis by Lara-Palomo et al. [119] showed that digital drugs aimed at self-

maintenance and education are as effective on pain and back-specific functional status as other face-

to-face or home-based interventions in patients with CLBP, with significant scientific evidence. 

Moreover, TR can represent the way to reduce rehabilitation costs and times [120]. Obviously, there 

are still some concerns about the full dissemination of TR in the treatment of LBP, as well as the other 

main musculoskeletal disorders. Firstly, there is the need to grant all patients, regardless of their 

economic possibilities and the geographical area in which they live, to access the technological tools 

necessary for TR [121]. This requires substantial investments by health systems. What is most 

important, TR still needs to be made more efficient to safeguard the sacredness of the doctor-patient 

relationship, which in its traditional face-to-face form allows for the creation of strong empathy and 

for therapies to be adapted to the needs of each patient [122]. Nevertheless, TR represents 

undoubtedly a promising horizon for LBP rehabilitation. The main bioengineering technologies 

currently applied in the rehabilitation of LBP, including innovations in robotic assistance, VR, 

neuromuscular stimulation, and TR are summarized in Figure 3. 

 

Figure 3. Bioengineering approaches in the rehabilitation of LBP, including robotic systems and exoskeletons 

designed to reduce spinal load; virtual reality and augmented feedback to enhance motor engagement and 

reduce kinesiophobia; neuromuscular electrical stimulation (NMES) and functional electrical stimulation (FES) 

targeting paraspinal muscles; and AI-powered tele-rehabilitation platforms enabling remote, personalized care. 

3.3. Integrating Artificial Intelligence (AI) and Machine Learning (ML) 

AI is fundamentally transforming the assessment and management of LBP by introducing 

sophisticated data-driven personalization and advanced predictive modeling capabilities. Machine 

learning methodologies, encompassing both supervised learning algorithms such as support vector 

machines and random forests, as well as unsupervised clustering techniques, have been successfully 

implemented to classify and stratify LBP phenotypes through comprehensive analysis of integrated 

datasets incorporating movement kinematics, neuroimaging biomarkers, psychosocial factors, and 

behavioral metrics [123,124]. 
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Recent studies have demonstrated that ML algorithms can achieve 79% accuracy in identifying 

CLBP patients using motion complexity analysis from inertial sensors [125]. These computational 

approaches not only facilitate early identification of distinct patient subgroups with high likelihood 

of responding to targeted rehabilitation interventions but also reveal previously hidden 

biomechanical-clinical associations that traditional analytical methods might overlook [126]. 

Advanced AI models incorporating disc height measurements and ligamentum flavum 

hypertrophy analysis have shown significant potential in predicting LBP presence from lumbar MRI 

or CT imaging data [127]. Recent advancements in digital twin technology represent a paradigm shift, 

enabling the development of sophisticated virtual replicas of individual patients' musculoskeletal 

systems that can simulate therapeutic responses and optimize personalized rehabilitation protocols 

in real-time [128,129]. 

Current applications of digital twin systems in musculoskeletal medicine include optimizing 

exercise and rehabilitation monitoring, analyzing joint mechanics for personalized surgical 

techniques, and predicting post-operative outcomes [130]. Deep learning architectures, particularly 

convolutional neural networks, have shown remarkable success in automated analysis of medical 

imaging data, such as spine MRI, potentially reducing diagnostic delays and improving treatment 

selection accuracy [131]. Natural language processing algorithms are increasingly being utilized to 

extract meaningful patterns from clinical notes and patient-reported outcomes, creating more 

comprehensive patient profiles for treatment planning [132]. 

Large language models have demonstrated superior performance in sentiment analysis for pain 

expression [133]. Furthermore, predictive analytics models are being developed to forecast treatment 

outcomes and identify patients at risk of chronic pain development, enabling proactive intervention 

strategies [134]. 

Such innovative technological frameworks demonstrate significant potential in minimizing 

unnecessary diagnostic procedures, reducing healthcare costs, and moving away from conventional 

trial-and-error therapeutic approaches toward precision medicine. Systematic reviews have 

highlighted the growing evidence base supporting AI applications in back pain outcomes and clinical 

classification approaches [55]. An expanding corpus of research evidence continues to validate the 

efficacy of AI-driven solutions in enhancing clinical decision-making processes, improving patient 

outcomes, and optimizing resource allocation in LBP management. 

However, the implementation of AI-driven solutions in LBP management faces several critical 

challenges that must be carefully addressed. Data bias represents a fundamental concern, as 

algorithms may perpetuate healthcare disparities when trained on datasets that underrepresent 

certain demographic groups, potentially leading to suboptimal treatment recommendations for 

vulnerable populations [135]. Cybersecurity vulnerabilities pose significant risks to patient privacy, 

as the valuable health data processed by AI systems makes them attractive targets for cyberattacks 

[136]. Finally, ethical considerations surrounding algorithmic transparency remain paramount, as 

clinicians and patients must understand how AI systems arrive at recommendations to maintain trust 

and enable informed decision-making [137]. The integration between AI and ML for the assessment 

and management of LBP using multimodal data to support personalized and predictive care are 

reported in Figure 4. 
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Figure 4. Integration of AI and ML in LBP management. Multimodal data sources—such as wearable sensor 

outputs (e.g., inertial measurement units), spine MRI, digital twin simulations, and natural language processing 

of clinical notes—are processed by AI systems to classify patient phenotypes, predict outcomes, and optimize 

personalized rehabilitation strategies. 

3.4. Challenges, Future Directions and Limitations 

Despite rapid advancements, the integration of bioengineering technologies into routine care for 

LBP remains challenged by practical, technical, and ethical limitations. The cost and logistical 

complexity of high-fidelity systems (such as optoelectronic motion capture, real-time EMG feedback 

devices and robotic exoskeletons) limit their widespread availability [138,139]. The interpretation of 

multimodal data streams, including kinematic, neuromuscular, and imaging-derived metrics, 

necessitates expertise in biomedical informatics and robust computational infrastructure, which are 

not universally accessible [140]. Moreover, the absence of standardized validation protocols and 

outcome measures impedes cross-comparison and limits generalizability to diverse patient 

populations [3]. Patient adherence, especially in unsupervised or home-based digital rehabilitation 

programs, remains an enduring challenge, with motivation and digital literacy emerging as 

important moderating factors [141]. Ethical concerns surrounding data security, algorithmic 

transparency, and clinician accountability in AI-assisted decision-making are also pressing and 

require stringent oversight frameworks [142]. 

Looking forward, the next decade is poised for deeper convergence between bioengineering and 

precision medicine. Integrated platforms combining motion analysis, EMG, imaging biomarkers, and 

psychological profiling could enable individualized diagnostic and therapeutic trajectories [143]. 

Predictive models, powered by AI, may identify early indicators of pain exacerbation, adherence 

decline, or functional recovery potential [144]. Furthermore, bioengineering tools are expected to 

support regenerative medicine applications, offering quantitative tracking of biologic therapies such 

as mesenchymal stem cell injections or platelet-rich plasma interventions through imaging and 

molecular biomarkers [145]. The integration of bioengineered outputs into electronic health records 

will allow real-time decision support and personalized rehabilitation planning. Smart rehabilitation 

environments, equipped with ambient sensors and adaptive feedback systems, may autonomously 

guide patient activities and monitor outcomes, redefining standards in physical therapy [146]. 

Realizing this vision demands sustained interdisciplinary collaboration among engineers, clinicians, 

and data scientists to ensure these innovations are rigorously validated and translated into scalable, 

equitable clinical practice. 

Limitations: This narrative review, while developed in accordance with SANRA guidelines to 

ensure methodological rigor and transparency, is inherently limited by its non-systematic approach, 

which may introduce selection bias and affect reproducibility. The absence of a formal search strategy 

and critical appraisal protocol restricts the capacity to comprehensively capture the full spectrum of 
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relevant evidence. Moreover, the included studies exhibit significant heterogeneity in terms of 

design, bioengineering technologies applied, and outcome measures employed, thereby limiting 

comparability and generalizability of the findings. Finally, given the fast-paced innovation within the 

field of bioengineering, certain conclusions may be subject to rapid obsolescence as new data emerge. 

4. Conclusions 

Bioengineering plays a pivotal role in advancing the assessment and rehabilitation of LBP by 

offering objective, personalized, and data-driven tools. From wearable sensors and robotic supports 

to AI-powered decision systems, these technologies enhance diagnostic precision and therapeutic 

outcomes. While challenges remain in terms of cost, integration, and standardization, the potential 

for transformative impact is substantial. Future research should prioritize accessibility, ethical 

deployment, and the development of interoperable systems that bridge the gap between cutting-edge 

innovation and clinical routine. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

AI Artificial Intelligence 

CLBP Chronic Low Back Pain 

CSA Cross-Sectional Area 

CT Computed Tomography 

DTI Diffusion Tensor Imaging 

EMG Electromyography 

FEA Finite Element Analysis 

FES Functional Electrical Stimulation 

IMUs Inertial Measurement Units 

LBP Low Back Pain 

MeSH Medical Subject Headings 

ML Machine Learning 

MRI Magnetic Resonance Imaging 

NMES Neuromuscular Electrical Stimulation 

ODI Oswestry Disability Index 

PROMs Patient-Reported Outcome Measures 

ROM Range of Motion 

SANRA Scale for the Assessment of Narrative Review Articles  

sEMG Surface Electromyography 
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TR Tele-rehabilitation 

VAS Visual Analog Scale 

VR Virtual Reality 

YLDs Years Lived with Disability 
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