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Abstract: Musculoskeletal disorders remain a major global cause of disability, with diagnostic 
complexity arising from their heterogeneous presentation and multifactorial pathophysiology. 
Recent advances across imaging modalities, molecular biomarkers, artificial intelligence applications, 
and point-of-care technologies are fundamentally reshaping musculoskeletal diagnostics. This 
review synthesizes emerging evidence on these innovations, emphasizing how integration of 
multimodal diagnostic strategies enables earlier detection, more accurate disease stratification, and 
increasingly personalized treatment planning. Technological developments in imaging—including 
photon-counting detector computed tomography, quantitative magnetic resonance imaging, and 
four-dimensional computed tomography—have enhanced the ability to visualize structural and 
dynamic musculoskeletal abnormalities with greater precision. Molecular imaging and biochemical 
markers such as CTX-II and PINP provide early, objective indicators of tissue degeneration and bone 
turnover, while genetic and epigenetic profiling elucidates individual susceptibility patterns. Point-
of-care ultrasound and portable diagnostic devices have expanded real-time imaging and functional 
assessment capabilities across diverse clinical settings. Artificial intelligence and machine learning 
algorithms now automate image interpretation, predict clinical outcomes, and enhance clinical 
decision support, complementing conventional clinical evaluations. Wearable sensors and mobile 
health technologies extend continuous monitoring beyond traditional healthcare environments, 
generating real-world data critical for dynamic disease management. However, standardization of 
diagnostic protocols, rigorous validation of novel methodologies, and thoughtful integration of 
multimodal data remain essential to translate technological advances into improved patient 
outcomes. Addressing challenges in validation, equity, and cost-effectiveness will require 
coordinated efforts across research, clinical practice, industry, and regulatory bodies. As these fields 
converge, musculoskeletal diagnostics is poised to evolve into a more precise, personalized, and 
patient-centered discipline, driving meaningful improvements in musculoskeletal health worldwide. 

Keywords: musculoskeletal imaging; biomarkers; clinical assessment; point-of-care ultrasound; 
artificial intelligence; movement analysis 
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1. Introduction 

Musculoskeletal disorders represent one of the leading causes of disability worldwide, posing 
significant diagnostic challenges for clinicians because of their complex pathophysiology and 
heterogeneous presentation [1]. However, recent advances in diagnostic methodologies have 
revolutionized our ability to detect, characterize, and monitor these conditions [2–4]. This 
comprehensive review synthesizes current evidence on emerging diagnostic approaches across 
advanced imaging techniques, novel biomarkers, clinical assessment frameworks, artificial 
intelligence applications, and point-of-care technologies, among other frameworks [5–9]. By 
integrating these modalities, clinicians can detect novel pathology earlier, stratify diseases more 
accurately, and overall facilitate more personalized treatment planning. 

2. Evolution of Imaging Modalities in Musculoskeletal Diagnostics 

2.1. Conventional Imaging: Strengths and Limitations 

Conventional radiography remains the gold standard of initial musculoskeletal imaging due to 
its accessibility, relatively low cost, and ability to visualize bone architecture [10]. However, it’s 
constrained by limited soft tissue contrast and the two-dimensional representation of three-
dimensional structures [11]. Radiographs are excellent in evaluating fractures, joint space narrowing, 
osteophyte formation, and bone density changes, but can fail to detect early cartilage degeneration 
or subtle soft tissue abnormalities [12,13]. These limitations are particularly evident in early-stage 
osteoarthritis, where significant cartilage deterioration may occur before clinicians may notice 
changes on radiographic findings [14,15]. 

Comparatively, computed tomography (CT) offers significant advantages over conventional 
radiography through its cross-sectional imaging capabilities and superior contrast resolution [16]. 
Recent technological advances, including photon-counting detector CT (PCD-CT), have enhanced 
spatial and contrast resolution compared to multidetector CT (MDCT), despite reductions in 
radiation exposure [17,18]. PCD-CT, in particular, is a significant innovation in CT imaging [19]. The 
new detector technology allows X-rays to be converted directly into an electrical signal without an 
intermediate step via a scintillation layer and allows the energy of individual photons to be measured 
[20]. In turn, PCD-CT can help clinicians visualize trabecular bone details and improve assessment 
of complex fractures as well as subtle osseous lesions [21,22]. The advantages of PCD-CT over 
conventional energy-integrating detector (EID) CT include smaller detector pixels, excellent 
geometric dose efficiency for high-resolution imaging of large joints and central skeletal anatomy, 
advanced multienergy spectral postprocessing, improved metal artifact reduction, and higher 
contrast-to-noise ratio with suppression of electronic noise [23–25]. 

In a similar manner, magnetic resonance imaging (MRI) has transformed musculoskeletal 
diagnostics through its soft tissue contrast, multiplanar capabilities, and absence of ionizing radiation 
[26]. Practically, quantitative MRI techniques can provide noninvasive measures of cartilage 
degeneration at the earliest stages of joint degeneration [27,28]. These techniques can be categorized 
into those that grade and quantify morphologic changes and those that quantify changes in the 
extracellular matrix [29]. Morphological assessment of cartilage with quantitative MRI has 
demonstrated high accuracy and adequate precision for both cross-sectional and longitudinal studies 
in osteoarthritis patients [30–32].  

2.2. Advanced Functional and Molecular Imaging 

Another emerging technology with great promise for musculoskeletal uses in both clinical 
practice and research is four-dimensional computed tomography (4D-CT), often known as dynamic 
CT [33]. This method produces CT volumes of a moving structure at many times to show real-time 
motion [34]. Reduced radiation dose and recent developments in acquisition technology have 
enabled imaging of joint motion both practical and safe [35,36] and enable greater acceptance of this 
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modality. Although wrist motion has been investigated mostly using 4D-CT, its value has been 
shown in other anatomical areas like the shoulder, elbow, hip, knee, and ankle [37]. Imaging these 
joints during a whole range of motion offers fresh perspectives on dynamic events like joint 
kinematics, impingement, and instability [38]. Pilot studies using optical motion-capture methods to 
validate 4D-CT analysis of knee joint movement have demonstrated promising results [39]. Early 
comparisons between 4D-CT with 3D-3D registration and optical motion-capture systems suggest 
that 4D-CT provides high accuracy in capturing knee joint kinematics [40,41]. Overall, these 
preliminary investigations indicate that 4D-CT with 3D-3D registration may serve as a reliable tool 
for in vivo kinematic analysis in musculoskeletal research and clinical assessment [42]. 

Molecular imaging likewise offers fresh perspectives on the cellular and metabolic processes 
underlying disease pathogenesis [43]. Namely, fluorescence-based methods have become very 
effective tools for exploring bone biology and cellular activity in vivo [44] For example, fluorescence-
based assays for real-time myeloid cell to osteoclast development (FRAMCO) [45] have been created 
by scientists. By means of the red-to-green fluorescence conversion of certain transgenes controlled 
by osteoclast-specific promoters, these assays enable osteoclast-specific gene expression and 
intercellular fusing of preosteoclasts [46,47]. Comprehending bone metabolism across various clinical 
diseases and assessing the efficacy of therapeutic strategies targeting bone turnover significantly 
relies on the non-invasive monitoring of osteoblast and osteoclast activity [48,49]. 

2.3. Point-of-Care Ultrasound 

Point-of-care ultrasound (POCUS) provides immediate, dynamic, and economical imaging 
options while avoiding ionizing radiation exposure to patients [50]. In emergency settings, POCUS 
has shown robust diagnostic capabilities for fracture detection, with numerous studies indicating 
elevated sensitivity and specificity metrics [51,52]. Pilot investigations indicate that POCUS can 
effectively identify various fracture types, suggesting its potential as an alternative to radiography 
for diagnosing and characterizing fractures, particular in the emergency room (ER). Additional 
studies assessing the accuracy of POCUS in patients with suspected long bone fractures support its 
diagnostic value, with findings indicating that POCUS may decrease dependence on formal 
radiography – depending on the specific clinical situations - thereby accelerating diagnosis and 
treatment processes [58]. 

In addition to detecting fractures, POCUS can help clinicians rapidly assess soft tissue injuries 
and subsequently perform ultrasound-guided interventional procedures to stabilize patients [59]. 
Ultrasound-guided corticosteroid injections for shoulder pathology, including arthritis and adhesive 
capsulitis, have shown favorable results in musculoskeletal care [60–62]. Educational initiatives 
highlight the significance of appropriate ultrasound-guided techniques, encompassing patient 
positioning, probe placement, and precise medication administration into target joints [61,62]. 
Clinical studies indicate that ultrasound guidance may improve therapeutic accuracy and enhance 
patient outcomes, especially in shoulder conditions such as adhesive capsulitis [63–65]. POCUS has 
also shown use for rapidly evaluating rotator cuff injuries when conventional radiography provides 
conflicting findings [66,67]. Structured methods have been developed to standardize examinations of 
shoulder ultrasonic [68] including the ABSIS (acromioclavicular joint, biceps tendon, subscapularis, 
impingement, supraspinatus) approach. Demonstrating great diagnostic accuracy for full-thickness 
tears and acting as a useful adjunct to clinical evaluation, ultrasonic imaging clearly reveals important 
features of supraspinatus tendon tears and other rotator cuff disorders [69–71]. 

3. Biomarkers in Musculoskeletal Disease Stratification 

3.1. Inflammatory and Bone Turnover Markers 

Biomarkers are essential for assessing and monitoring musculoskeletal disorders, particularly 
those characterized by inflammatory or degenerative elements [72]. C-terminal cross-linked 
telopeptides of type II collagen (CTX-II) are extensively studied biomarkers for osteoarthritis, 
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especially in the knee [73]. Increased urinary CTX-II levels have been consistently linked to the 
presence and progression of knee osteoarthritis, correlating with cartilage degradation and disease 
severity [74,75]. Emerging evidence indicates that differences related to sex and ethnicity may impact 
CTX-II expression patterns, potentially influencing biomarker performance in various patient 
populations [76]. The findings indicate that urinary CTX-II may effectively differentiate osteoarthritis 
patients from healthy individuals and offer insights into disease progression, though demographic 
factors are crucial for accurate interpretation [77]. 

Bone turnover markers (BTMs) are a valuable collection of biomarkers that provide pertinent 
insights on mechanisms of bone remodeling [78]. In evaluating the efficacy of osteoporosis treatment 
[79], clinicians often rely on serum procollagen type I N-propeptide (PINP), a sensitive indicator of 
osteoblast activity and a sign for novo collagen synthesis inside the bone matrix [80]. In fact, clinical 
guidelines for therapy response often ask for baseline PINP measurement and evaluation following 
osteoporosis treatment initiation [81,82]. Variations in PINP levels during medication may provide 
important new directions for treatment mechanism research [83].  Generally associated to lower 
levels of PINP, anti-resorptive treatments—including bisphosphonates—indicate a decrease in bone 
turnover [85].  Teriparatide and other anabolic drugs increase bone production, which over time 
raises PINP levels [86].  By using these biomarker patterns, physicians can better distinguish 
therapeutic outcomes and customize osteoporosis treatment plans [87]. 

3.2. Genetic and Epigenetic Biomarkers 

Genetic biomarkers can also help clinicians predict disease susceptibility, progression, and 
response to treatment [88]. The GDF5 gene, which encodes growth differentiation factor 5, contains 
a functional single nucleotide polymorphism (SNP), rs143383, that has been consistently associated 
with osteoarthritis risk [89]. This C/T transition in the 5' untranslated region (5'UTR) of the gene forms 
a CpG site in its C-allele form and mediates differential allelic expression of GDF5, with the disease-
associated T allele demonstrating reduced expression [90]. The differential allelic expression 
imbalance of the C and T alleles varies intra- and inter-individually, suggesting that this effect may 
be modulated epigenetically [91]. Research has demonstrated that DNA methylation regulates GDF5 
expression and the allelic imbalance caused by rs143383 [92]. The CpG sites created by the C alleles 
at rs143383 and a nearby SNP (rs143384) are variably methylated, and treatment of a heterozygous 
cell line with a demethylating agent further increased the allelic expression imbalance between the C 
and T alleles [93]. This finding demonstrates that the genetic effect of the rs143383 SNP on GDF5 
expression is modulated epigenetically by DNA methylation [94]. The variability in differential allelic 
expression of rs143383 is therefore partly accounted for by differences in DNA methylation, which 
could influence the penetrance of this allele in arthritis susceptibility, as well as other common 
musculoskeletal diseases [95]. 

Such interactions between genetic and epigenetic elements highlights how musculoskeletal 
disease etiology can often be complex, and thus can largely benefit from combined genetic and 
epigenetic biomarketer panels in disease risk assessment and stratification [96]. Ideally, greater 
understanding of these molecular pathways will allow patients to obtain complex biomarketer panels 
capturing both genetic susceptibility and epigenetic modification, thus improving identification of 
persons or populations at high risk for negative musculoskeletal health outcomes [97,98]. 

3.3. Novel Biochemical Markers for Disease Monitoring 

The terrain of biochemical indicators for musculoskeletal illnesses is changing as new 
technologies enable increasingly precise evaluation techniques [99]. Multiplex assays made possible 
by advanced molecular diagnostic technologies may simultaneously detect many biomarkers from 
low sample quantities, hence enhancing the efficiency and comprehensiveness of biomarketer 
profiling [100]. For the surveillance of complicated conditions such as rheumatoid arthritis and 
osteoarthritis, where many pathophysiological mechanisms coexist concurrently [101,102], these 
developments are particularly important. 
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To improve the evaluation of joint health and disease activity, researchers are looking at markers 
of inflammation, cartilage degradation, and bone turnover [103–106]. 

A significant development in this sense is point-of-care testing for biochemical indicators, which 
provides laboratory-quality diagnostics in clinical settings [107]. Rapid testing systems greatly cut 
turnaround times from days to minutes, therefore enabling real-time clinical decision-making during 
patient visits [108]. Combining biomarketer evaluation with imaging results and clinical data fosters 
a complete approach for disease surveillance [109]. As biomarkers often detect molecular changes 
before they become apparent as observable structural abnormalities [110], the association of 
biomarker levels with imaging-detected structural changes provides much needed complementary 
information on disease state. 

4. Integrative Clinical Assessment Frameworks 

4.1. Comprehensive Physical Examination Approaches 

Clinicians include physical examination in their assessment to better understand structural 
integrity, functional capacity, and pain generators, which cannot be fully captured by imaging or 
laboratory tests alone [111]. A systematic approach to physical examination is essential for accurate 
diagnosis and appropriate management planning [112]. This typically begins with visual inspection 
for asymmetries, deformities, muscle atrophy, or swelling, followed by palpation to identify areas of 
tenderness, temperature changes, effusions, or abnormal tissue texture [113]. Range of motion 
assessment, both active and passive, helps determine movement limitations and fragility, and 
whether these are induced by pain, stiffness, or mechanical blockage [114]. Neurovascular 
examination, including strength testing, sensory assessment, reflex evaluation, and vascular checks, 
complements this basic framework [115]. 

Special tests targeting specific pathologies constitute an essential component of physical 
examination, though their utility depends heavily on proper execution and interpretation within the 
clinical context [116]. These tests are designed to stress particular anatomical structures or reproduce 
specific symptoms, thereby helping to confirm or exclude suspected diagnoses [117]. For example, in 
shoulder assessment, tests like the Hawkins-Kennedy impingement test, Neer impingement sign, 
and empty can test help evaluate for rotator cuff pathology or impingement syndrome [118]. 
Similarly, in knee examination, the Lachman test, anterior and posterior drawer tests, and 
valgus/varus stress tests assess ligamentous integrity [119]. 

Functional assessment must also evaluate how patient conditions impact activities of daily 
living, occupational tasks, and recreation [120]. This typically involves observing the patient 
performing relevant movements or activities that provoke symptoms, revealing dysfunctional 
movement patterns, compensatory strategies, or activity-specific limitations that might not be 
apparent during standard examination maneuvers [121]. Standardized functional assessment tools 
provide objective measures of functional performance that can be tracked over time to evaluate 
treatment efficacy [122], which is particularly important for designing interventions that address not 
just structural abnormalities, but also the resulting functional limitations [123]. 

4.2. Dynamic Assessment and Movement Analysis 

Traditional static assessments often fail to capture the intricate coordination of muscle activation 
patterns, joint kinematics, and neuromuscular control required during functional movements 
[124,125]. Dynamic assessment overcomes this limitation by evaluating patients during active tasks, 
providing insights into compensatory strategies, movement asymmetries, and altered motor control 
that may underlie symptoms or predispose individuals to injury [126]. 

Objective assessment of gait using inertial measurement units (IMUs), wearable sensors 
combining accelerometers, gyroscopes, and magnetometers, has shown great promise for functional 
evaluations in individuals with knee osteoarthritis [127]. Among those with knee osteoarthritis, gait 
study using IMUs has repeatedly shown variations in spatiotemporal characteristics between 
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patients and healthy controls [128]. Particularly indicating general deficits in locomotor efficiency, 
those with knee osteoarthritis often show shortened stride length, slower gait speed, and longer stride 
duration [129,130]. Furthermore, there was increasing variance in stride time, suggesting possible 
deficiencies in neuromotor control and gait stability [131]. 

Further analysis of joint and segmental kinematics reveals that individuals with knee 
osteoarthritis often exhibit reduced knee range of motion during the swing phase, diminished lumbar 
motion in the coronal plane, and altered foot strike and toe-off mechanics compared to healthy 
subjects [132]. These kinematic changes may represent adaptive strategies to minimize pain or 
mechanical loading on affected joints. Overall, inertial sensor technology offers a sensitive and 
accessible means of detecting mobility impairments in knee osteoarthritis, with spatiotemporal 
parameters emerging as particularly robust indicators of functional decline [133]. More detailed 
analyses of joint-specific kinematics, such as knee and trunk movements, may provide additional 
insights, although current evidence for these parameters is somewhat less consistent [134]. 

Technological developments have greatly improved the objectivity and accuracy of movement 
analysis, therefore moving it from subjective visual judgment to measurable measurement [135]. 
From laboratory-based optoelectronic systems to more portable inertial sensor-based technologies, 
motion capture systems provide thorough kinematic analysis of joint angles, velocities, and 
accelerations during functional activities [136]. Similarly, surface electromyography (sEMG) offers 
information regarding muscle activation patterns and time, therein aiding clinicians in 
understanding neuromuscular coordination impairments or changed recruitment tactics in response 
to discomfort or disease, [137]. Ground response forces, center of pressure trajectories, and weight 
distribution patterns are quantified using force plates and pressure mapping devices both standing 
and walking [138]. Translating quantitative data into useful therapeutic insights depends critically 
on the junction of movement analysis results with clinical reasoning [139]. Observed movement 
anomalies should be understood in light of the patient's anatomical structure, pain mechanisms, 
acquired habits, and psychological elements that could affect particular situation, including 
movement strategies [140]. For example, changed movement patterns might be a main cause of 
production of driving symptoms, a subsequent adaptation to underlying illness, or a protective 
mechanism to prevent expected discomfort [141]. Differentiating these options calls for clinical 
judgment guided by thorough evaluation [142]. 

4.3. Integration of Patient-Reported Outcomes 

Patient-reported outcome measures (PROMs) can also provide important insights into 
musculoskeletal disorders, namely by directly recording patients' views of their symptoms, 
functional capacities, and quality of life, [143]. Standardized questionnaires organize these self-
reports, therefore augmenting objective results [144] with clinician-based evaluations. Additionally, 
they target symptoms and functional limitations related to certain disorders. For instance, the 
disease-specific instruments such the Western Ontario and McMaster Universities Osteoarthritis 
Index (WOMAC) for osteoarthritis and the Roland-Morris Disability Questionnaire for low back pain 
[145]. Tools tailored to certain anatomical locations, such as the Lower Extremity Functional Scale 
(LEFS) and the Disabilities of the Arm, Shoulder and Hand (DASH) questionnaire, evaluate 
functionality in those areas from the patient’s perspective [146]. More general health-related quality 
of life across a variety of patient groups is assessed by broader health status assessments such the 
Short Form-36 (SF-36) and EuroQol-5D (EQ-5D [147]). 

PROMs must also be evaluated for their psychometric qualities—including validity, reliability, 
responsiveness, and interpretability [148]. While consistency over repeated administrations 
guarantees dependability, validity guarantees that the instrument measures its intended construct. 
Interpretability highlights the clinical relevance of score fluctuations [149], whereas responsiveness 
measures the sensitivity of the instrument to clinically significant changes. Many widely used 
musculoskeletal PROMs [150] have scientific legitimacy due to such extensive validation efforts. For 
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numerous instruments, minimal clinically important difference (MCID) values have been developed 
so that clinicians can determine if noted changes indicate significant patient improvement [151,152]. 

Practically, PROMs have shown to streamline data collecting, lower administrative load, and 
make possible instantaneous scoring and visualization through electronic administration on tablets, 
cellphones, or web-based platforms [153]. Logically, therefore, including PROMs into clinical 
procedures will improve the availability of patient-reported data, hence promoting better informed 
and prompt decision-making [154,155]. 

5. Artificial Intelligence and Decision Support Systems 

5.1. Machine Learning Applications in Imaging Interpretation 

Machine learning (ML) is significantly enhancing musculoskeletal imaging and increasing 
precision by automating disease diagnosis, categorization, and quantification [157]. Particularly 
among many imaging modalities—including radiography, MRI, and ultrasonic [158], convolutional 
neural networks (CNNs) and deep learning models have shown remarkable performance. Studies 
into cascaded and progressive CNN architectures that evaluated models that successively detect the 
meniscus and describe tear form, have shown that these models demonstrate clinician-similar 
efficacy in MRI interpretation [159,160]. Although these models demonstrate great accuracy in 
meniscus localization and overall tear classification, research indicates that discriminating between 
tear orientations is still underdeveloped [161,162]. Later studies, meanwhile, have looked at how 
CNNs could improve meniscus tear characterization [163]. Modern approaches give site of injuries 
initial priority before categorizing tear types—horizontal, complicated, radial, and longitudinal 
arrangements. Although accuracy varies across different tear topologies [165,166], the findings show 
notable model efficiency in identifying medial and lateral meniscus lesions. Comparative studies 
show that, in select cases, machine learning models—especially deep convolutional neural networks 
(DCNNs)—can reach diagnostic performance on par with that of experienced radiologists.  

Clinicians must recognize that practical variability in imaging interpretation is heavily 
influenced by both the anatomical location and the complexity of lesion categorization [167–171]. At 
the same time, modern algorithms have advanced significantly, enabling simultaneous measurement 
of multiple imaging biomarkers, assessment of disease severity through established clinical grading 
systems, and identification of anomalies and lesions using segmentation or object detection 
techniques [172]. These innovations increasingly mirror the demands of clinical decision-making, 
where precise and comprehensive imaging assessments are critical for prognostic evaluations [173]. 

5.2. Predictive Analytics for Disease Progression 

Predictive analytics has become an increasingly powerful tool for forecasting disease trajectories 
in musculoskeletal disorders, providing clinicians and patients with actionable insights for treatment 
planning and prognosis [174]. By harnessing large datasets and advanced machine learning 
techniques, predictive models can reveal complex relationships and patterns that traditional clinical 
assessments often overlook [175]. Recent applications highlight the ability of machine learning 
algorithms to outperform standard predictive tools in estimating critical clinical outcomes, such as 
postoperative recovery metrics in musculoskeletal procedures [176–178]. Key patient factors—
including demographic, functional, and socioeconomic variables—frequently emerge as important 
predictors, emphasizing the multifaceted nature of musculoskeletal care [179–181]. These 
developments illustrate the potential for healthcare systems to tailor predictive models to their 
specific populations and settings, thereby enhancing clinical decision-making beyond reliance on 
generalized public tools [182]. As predictive modeling evolves, a diverse array of machine learning 
methods—including random forests, support vector machines, and neural networks—has been 
employed to anticipate disease progression, predict treatment responses, and assess complication 
risks [183,184]. Unsupervised approaches, such as clustering algorithms, further contribute by 
identifying distinct patient phenotypes and enabling more personalized management strategies 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 May 2025 doi:10.20944/preprints202505.1597.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202505.1597.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 26 

 

[185]. This expanding methodological landscape empowers researchers and clinicians to align 
predictive models with specific clinical needs and available data, ultimately improving the precision, 
relevance, and impact of musculoskeletal care [186]. 

5.3. Clinical Decision Support Systems in Practice 

As they become increasingly incorporated into clinical practice, clinical decision support 
systems (CDSS) provide evidence-based advice at the time of care to improve diagnosis accuracy and 
treatment planning [187,188]. Practically, CDSS may provide customized suggestions that consider 
patient genetics, demographics, and lifestyle and compare this data against accepted clinical 
guidelines, active, ongoing research, and historical results [189]. In turn, these CDSS can aid 
physicians by recommending appropriate imaging, bloodwork, and other tests [190]. Despite their 
transformative potential, the operationalization and sustained integration of CDSS into clinical 
workflows face substantial systemic and technical barriers [191–194]. Chief among these challenges 
is alert fatigue, wherein the high frequency or low specificity of system-generated notifications leads 
clinicians to disregard or override alerts, thereby attenuating system utility [195]. To mitigate this 
fatigue, developers can begin optimizing alert thresholds, implementing tiered prioritization 
schemas, and designing context-aware, minimally disruptive user interfaces so that all clinicians, 
regardless of technology experience, can leverage these systems [196]. Additionally, as medicine is 
an active, dynamic field, researchers must continuously curate and update CDSS knowledge bases, 
which requires structured methodologies for assimilating emerging clinical evidence into actionable 
algorithmic outputs [197]. The reliability and predictive validity of CDSS outputs are thereby 
fundamentally contingent upon the integrity, standardization, and completeness of the underlying 
clinical data inputs. For hospital administration, this underscores how important robust data 
governance frameworks, interoperable data architectures, and systematic validation protocols can be 
for clinical outcomes [198]. 

6. Point-of-Care and Mobile Health Technologies 

6.1. Portable Imaging and Diagnostic Devices 

Portable imaging and diagnostic tools have significantly helped therapy by delivering real-time 
diagnostic capabilities directly at the site of treatment [199]. Originally restricted to large cart-based 
systems, handheld ultrasound devices now connect to tablets and smartphones, thereby reducing 
wait times for imaging tests [200]. These compact tools allow clinicians to rapidly evaluate soft tissue 
structures, joint effusions, tendon and ligament integrity, and certain osseous anomalies, sometimes 
even removing the need for an imaging referral [201]. Portable ultrasound also has found broad use 
both inside and outside of the bedside, from sideline evaluations in sports medicine and 
musculoskeletal assessments in primary care to fracture identification and foreign body localization 
in emergency departments [202]. As POCUS training becomes more widely accessible and integrated 
into medical school, military, and nursing training programs, adoption is likely to expand beyond 
emergency medicine, sports medicine, physical medicine and rehabilitation, and primary care [203]. 
With ongoing improvements in image quality, usability, and educational resources, portable 
ultrasound is becoming a natural extension of the physical examination rather than a standalone 
diagnostic tool [204]. Miniaturized diagnostic technologies have also significantly expanded point-
of-care testing [205]. Portable X-ray devices, while requiring strict radiation safety measures, facilitate 
imaging where patient transport is impractical [206]. Handheld bone densitometry units using 
ultrasound enable radiation-free osteoporosis screening, therein improving access for underserved 
populations, particularly when delivering care outside of formal clinical settings [207], while portable 
surface electromyography (sEMG) systems allow functional assessment of muscle activation patterns 
during real-world activities to directly inform rehabilitation strategies for movement disorders [208]. 
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6.2. Wearable Sensors and Continuous Monitoring 

Wearable sensors have transformed musculoskeletal assessment by enabling continuous, 
objective monitoring of biomechanical and physiological parameters in real-world environments 
[209,210]. Using accelerometers, gyroscopes, pressure sensors, and sEMG, these devices capture joint 
kinematics, movement velocity, muscle activation patterns, and physical activity levels beyond the 
constraints of laboratory-based examinations [210,211]. IMUs quantify joint angles, acceleration 
profiles, and gait dynamics, providing precise characterization of compensatory strategies and 
functional impairments [211]. 

In knee osteoarthritis, IMUs detect characteristic gait alterations, including reduced gait speed, 
prolonged stride duration, increased stride variability, diminished knee range of motion during 
swing phase, decreased lumbar coronal plane motion, and altered foot strike and toe-off mechanics 
[212,213]. Quantifying these subtle biomechanical deviations in ambulatory settings enhances early 
identification of functional decline and improves diagnostic sensitivity [214,215]. 

Integrating wearable sensor data into clinical decision-making demands robust algorithmic 
processing to derive clinically relevant metrics linked to validated outcomes and prognostic 
indicators [216,217]. Machine learning models applied to multivariate sensor datasets can uncover 
latent patterns predictive of clinical deterioration, such as fall risk or inflammatory disease 
exacerbations [218]. Advanced visualization tools that convert complex sensor outputs into clinically 
interpretable formats further facilitate practitioner assessment and patient engagement [219]. 

6.3. Mobile Applications and Remote Assessment Tools 

Using the great availability of smartphones to improve treatment outside traditional clinical 
venues, mobile apps become efficient tools for musculoskeletal evaluation, patient education, and 
condition management [220]. The uses include many areas, including symptom monitoring, fitness 
advice, material distribution for education, and virtual interactions with medical professionals [221]. 
By allowing patients to record pain levels, functional limitations, medication effects, and possible 
triggers in real time, symptom monitoring apps generate complete longitudinal data that guide 
treatment changes and help to identify trends not obvious from retrospective reporting during 
planned office visits [222].  

Remote assessment technologies made possible by mobile technology have expanded the 
spectrum of clinical examinations that may be performed outside of traditional healthcare 
environments [223]. Remote wound monitoring, posture assessment, or range of motion evaluation 
[224] may all be facilitated by smartphone cameras fitted with specific apps capturing standardized 
photos or videos of impacted regions for asynchronous review by physicians. Accelerometers and 
gyroscopes among other integrated sensors help to quantify postural sway, gait speed, and sit-to--
stand performance, so producing objective measures of physical function equivalent to some in-clinic 
assessments [225].  

To ensure clinical effectiveness and patient acceptability, the integration of mobile apps and 
remote assessment tools in regular musculoskeletal treatment calls for thorough evaluation of 
numerous important elements [226]. Adoption and continuous involvement depend much on user 
experience design, which calls for clear transmission of actionable knowledge, simple interfaces, and 
low data input requirements [227]. Personalizing features that change data collecting, suggestions, 
and content to fit individual patient preferences and characteristics increase relevance and value 
[228]. Maintaining the confidence of patients and doctors depends on compliance with relevant rules, 
hence data security and privacy policies depend on it [229]. 
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7. Challenges and Future Directions 

7.1. Standardization and Validation Requirements 

In musculoskeletal diagnostics, standardizing diagnostic modalities is a key impediment to 
imaging acquisition methodologies and biomarketer reference ranges [230]. Variations in image 
acquisition settings, equipment standards, and post-processing procedures may have a significant 
impact on diagnostic accuracy and longitudinal comparability [231]. Similarly, variations in magnetic 
field strength, pulse sequences, slice thickness, and contrast administration procedures in MRI limit 
cross-center research and the development of uniform diagnostic criteria [232].  

Biomarker clinical relevance is dependent on the establishment of reference standards and 
reliable measurement procedures [233]. Some biomarkers, such as PINP, have become highly 
standardized, with commercial tests yielding identical results in persons with normal renal capacity. 
Other biomarkers, on the other hand, vary depending on the analytical approach, sample processing, 
and collection methods [234]. The formulation of consensus guidelines by professional societies, the 
development of calibration standards, and the implementation of quality assurance programs are all 
important steps toward addressing standardization issues and allowing for more consistent 
diagnosis and monitoring across different healthcare environments [235].  

Before they can be implemented in routine clinical practice, novel diagnostic techniques must 
undergo extensive validation to verify that they significantly enhance diagnosis accuracy, patient 
outcomes, and healthcare economy. Clinical validation must begin with analytical validation, which 
ensures that the technology measures its intended parameters with sufficient accuracy and 
repeatability. The subsequent step is clinical validation, which involves the establishment of 
diagnostic performance criteria by defining sensitivity, specificity, and predictive values for relevant 
patient groups. Finally, clinical utility validation demonstrates how the diagnostic method improves 
patient outcomes and facilitates clinical decision-making [236,237]. 

7.2. Integration of Multiple Diagnostic Modalities 

Combining many diagnostic modalities is a strong approach to go above the restrictions of 
certain methods and get a more complete assessment of musculoskeletal disorders [238]. Every 
modality has different strengths and drawbacks: imaging clearly visualizes structural abnormalities 
but often misses functional abnormalities or molecular changes; laboratory biomarkers detect 
biochemical changes before structural damage but lack anatomical specificity; clinical assessments 
give functional insights but remain vulnerable to examiner subjectivity and variability [239]. 

By means of systematic integration of these complimentary techniques, illness processes are 
better understood, early and more accurate diagnosis is made possible, disease stratification is 
improved, and more focused treatment strategies are generated [240]. Combining modern MRI 
methods (e.g., T1rho mapping for cartilage composition), inflammatory biomarkers, and thorough 
movement analysis may reveal pathogenic patterns unseen to any one modality in complicated 
presentations including chronic knee pain [241]. While reducing needless testing, establishing 
standardized multimodal procedures that specify the most effective diagnostic combinations for 
certain clinical settings may help to increase diagnosis accuracy and efficiency [242]. 

Applying artificial intelligence and advanced statistical modeling to detect patterns across 
imaging, biomarkers, clinical parameters, genetic data, and patient-reported outcomes that 
conventional analysis may overlook, computational integration of multimodal data represents a 
fundamental advance [243]. Synthesizing these varied inputs, machine learning techniques may find 
new disease subgroups and prognostic signals exceeding conventional diagnostic categories [244]. 
Characterizing the complex, multivariate nature of musculoskeletal diseases, where single 
biomarkers or imaging characteristics seldom provide adequate diagnostic or prognostic accuracy 
[245], computational techniques are becoming indispensable. 
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7.3. Ethical Considerations and Cost-Effectiveness 

Clinicians must factor ethical issues including fair access, informed permission, handling of 
accidental results, and privacy protection into account before deploying these tools into practice 
[246]. Namely, the development of diagnostic technology marked by increasing complexity and 
expense may aggravate inequality in access [247]. One approach to address equity concerns is the 
development of reasonably priced substitutes, such point-of- care ultrasonic devices for 
underprivileged or rural areas [248]. Overdiagnosis is also another pertinent issue, particularly with 
highly sensitive imaging modalities that often find abnormalities in asymptomatic patients [249]. MRI 
investigations of asymptomatic volunteers often show disc bulges, rotator cuff rips, and meniscal 
abnormalities—which may likely be more so due to age or adaptability over disease [250,251]. The 
growing availability of direct-to-consumer imaging technologies, free of clinical supervision or 
contextual analysis, further worsens this issue, as patients may attempt to self-treat conditions that 
may have no disease basis [252]. 

Additionally, cost-effectiveness considerations have become increasingly critical in allocating 
healthcare resources, particularly regarding modern diagnostic technologies that offer only modest 
clinical advantages at substantially higher costs [253]. Economic evaluations must account not only 
for the direct costs of diagnostic tests but also for their downstream impact on treatment decisions, 
clinical outcomes, and overall healthcare utilization [254]. While advanced quantitative MRI 
techniques may demonstrate superior technical performance for early osteoarthritis detection 
compared to standard sequences, their clinical value ultimately depends on whether earlier diagnosis 
leads to interventions that modify disease progression and improve patient outcomes [255]. 

8. Conclusions 

The field of orthopedics, sports medicine, and musculoskeletal diagnostics is experiencing 
significant change, driven by technological advancements, computational progress, and enhanced 
understanding of disease mechanisms [256]. This review examines various aspects of this evolution, 
including emerging imaging modalities, molecular biomarkers, artificial intelligence applications, 
and point-of-care technologies [257]. Advanced MRI techniques provide comprehensive evaluations 
of tissue composition and metabolism, facilitating the identification of cartilage degeneration prior 
to observable structural alterations [258]. Molecular imaging offers exceptional insights into bone 
remodeling and inflammatory pathways [259]. Point-of-care ultrasound has enhanced real-time 
imaging availability in various clinical environments, exhibiting high diagnostic accuracy for 
multiple musculoskeletal conditions [260]. Novel biomarkers like CTX-II for osteoarthritis and PINP 
for bone turnover provide objective assessments of disease activity and therapeutic response [261]. 
Advancements in genetic and epigenetic profiling reveal individual susceptibility patterns and 
identify potential therapeutic targets [262]. 

A major change in musculoskeletal treatment is the use of digital technology, artificial 
intelligence, and machine learning into diagnosis processes [263]. Across several applications, 
including the automatic identification of meniscal tears on MRI and the prediction of hospital length 
of stay after joint replacement [264], machine learning models show strong performance. With their 
evidence-based recommendations at the point of treatment, clinical decision support systems help to 
minimize clinical variability and enhance adherence to recommended practices [265]. By allowing 
real-world continuous evaluation of symptoms, functioning, and treatment response, mobile 
platforms and wearable sensors improve diagnosis monitoring [266]. 

Despite these advancements, considerable challenges persist in converting diagnostic 
innovations into quantifiable enhancements in patient outcomes [267]. Standardization of imaging 
protocols, biomarker assays, and clinical assessment methods is essential for achieving consistent 
diagnoses and reliable longitudinal monitoring [268]. Validation studies should rigorously establish 
both technical performance and measurable effects on clinical decision-making and outcomes [269]. 
Integrating structural, functional, and molecular data has the potential to enhance disease 
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characterization; however, it requires advanced data harmonization strategies and effective 
visualization tools [270]. Addressing these challenges necessitates collaborative efforts among 
researchers, clinicians, industry leaders, regulatory agencies, and healthcare systems [271]. As these 
efforts advance, it is very likely that musculoskeletal diagnostics will evolve toward more precise, 
personalized, and patient-centered methods for disease detection and monitoring [272]. 
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