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ABSTRACT 

Degeneration of spine and joints constitutes one of the most prevalent causes of chronic pain, disabilities, and deteriorating 

quality of life around the world. Traditional methods of diagnosis usually diagnose degeneration only after considerable 

structural damage has happened, making it difficult for early intervention. The recent developments in artificial 

intelligence (AI), computational biomechanics, and digital health technologies provide promising capabilities in 

predicting and managing musculoskeletal diseases at an early stage. In this paper, we explore the use of AI-enabled 

analytics in combination with physics-based models of biomechanics to predict spine and joint degeneration. We describe 

various computational methods such as finite element analysis, musculoskeletal simulation, multibody dynamics, and 

patient-specific biomechanical modeling along with machine learning and deep learning methods. We focus particularly 

on hybrid AI-biomechanics approaches, physics-informed neural networks, multimodal fusion and digital twins using 

imaging, biomechanical, clinical and sensor data. Clinical applications such as degeneration prediction, surgery planning, 

monitoring of rehabilitation and personalized treatments are also explored. Additionally, the current challenges in data 

availability, model validation, interpretability, computational cost and clinical translation are mentioned. Lastly, the future 

directions include physics-informed foundation models, real-time digital twins, federated learning and autonomous 

decision-making systems. Collectively, these advances have the potential to transform musculoskeletal healthcare from 

reactive treatment toward predictive, preventive, and precision medicine. 

 

KEYWORDS: Artificial Intelligence, Biomechanical Modeling, Digital Twins, Spine Degeneration, Osteoarthritis 

Prediction. 

 

1. INTRODUCTION 

MSDs include spine degeneration and osteoarthritis of major joints and are major causes of chronic pain, disability and 

poor quality of life globally. Osteo-changes of the intervertebral discs, vertebral end plates, articular cartilage, subchondral 

bone, and connective tissues may gradually occur without being noticed. Thus, the conventional diagnostic approaches 

including clinical assessment based on symptoms, magnetic resonance imaging (MRI), and radiography usually fail to 

reveal any degenerative signs until the disease reaches an advanced stage when treatment makes regeneration less likely 

[1]. In this regard, the need for predictive and preventive strategies aimed at detecting biomechanical dysfunctions as well 

as the development of tissue alterations causing degeneration before their clinically apparent manifestations occurs. 

The domain of biomedical research and health care is being continually transformed due to the latest advances in artificial 

intelligence (AI) which have enabled data analysis, pattern recognition, predictive modeling, and decision support systems 

[2,3,4]. There has been significant potential for AI-powered approaches in various medical applications, such as disease 

diagnosis, image analysis, risk assessment, and treatment planning. In cardiovascular medicine, AI-based predictive 

technologies have been used successfully to incorporate large-scale, heterogeneous clinical and patient datasets, and to 

uncover complex nonlinear relationships that are hard to identify using traditional statistical methods [2,5]. In the same 

manner, the use of data-driven optimization frameworks using AI technology has also led to improved predictive 

performance in biomedical engineering applications, highlighting the flexibility and scalability capabilities of AI in the 

field of medical research. The data-driven optimization frameworks can be implemented through the use of AI, which has 

been proven to help improve the predictive performance in biomedical engineering applications, making AI more versatile 

and scalable in the field of medical research [6]. In addition, AI-based biomimetics involving biological processes is 

leading to the development of self-learning computational systems. 
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Parallel to these developments, biomechanics has emerged as a powerful discipline in unraveling the mechanics of 

biological tissues and organ systems in physiological as well as pathological scenarios [7]. The application of physics-

based computational approaches like finite element analysis (FEA), has become absolutely necessary in the understanding 

of stresses, strains, tissue deformation, and failure modes. Finite element models provide simulation of individualized 

anatomical structures and mechanistic insights into disease progression, treatment planning, and outcomes [8]. Recent 

computational studies have also revealed that biomechanics is of fundamental importance in understanding the mechanics 

of tissue, fractures, and structural degradation in various biological systems [9]. These developments have made it possible 

for biomechanical modeling to be an integral part of precision medicine. 

The application of artificial intelligence and computational biomechanics is providing new opportunities for predicting 

the onset of musculoskeletal degeneration. While biomechanical models allow a deeper understanding of the mechanism 

and physical accuracy, they may still be extremely time-consuming to calibrate and demand expertise as well as high 

computational power [10]. In contrast, purely data-driven AI models enable quick predictions and can scale easily, yet are 

often hard to interpret and do not provide mechanistic insights. Combining machine learning techniques and physics-

driven biomechanical simulation becomes a new promising direction with both good predictive abilities and 

biomechanical accuracy [11,12]. This combination allows using multimodal information obtained through medical 

imaging, clinical examination, gait analysis, wearable sensors, and biomechanical simulations to detect degenerative 

changes much earlier than the changes would be visible in the radiological images. 

This paradigm shift has been further accelerated by the swift advancement of digital health technologies. Every day, 

digital therapeutics, healthcare systems coupled with tele-rehabilitation, wearable monitoring devices and remote health 

platforms collect and transmit massive amounts of biomechanical and physiological data that can be leveraged to predict 

and manage disease in a personalised way [13]. At the same time, digital twin technology has emerged as a transformative 

concept, one that has digital replicas of physical systems that dynamically incorporate real-time data, computational 

simulations and predictive analysis. In recent years, digital twins have been brought up as a valuable tool for applications 

in the healthcare, medical product development, rehabilitation, and treatment optimization for individual patients [14,15]. 

Furthermore, as the capability of biomaterials development, regenerative medicine, and high precision additive 

manufacturing has improved, patient specific anatomical models are becoming more and more complex and realistic to 

facilitate a biomechanical simulation with greater reality and relevance [16]. 

However, despite all the advantages and promising prospects of applying AI-based biomechanical systems for diagnostics 

and treatment purposes, there is an array of obstacles that prevent the widespread implementation of the technology. The 

main barriers to translation include data heterogeneity, insufficient availability of longitudinal data, the necessity of 

validating the proposed models, cybersecurity problems, ethical concerns, and regulatory limitations [17]. Furthermore, 

the use of several types of data for multimodal purposes requires very sophisticated computational power to provide 

scalability, privacy and interoperability. It is expected that some of the above mentioned problems will be addressed by 

new technological approaches such as Industry 6.0, intelligent manufacturing, federated learning, edge intelligence and 

next generation foundation models that are able to increase the robustness and generalizability of the predictive health 

care systems [18]. 

From this perspective, the novel approach involving the combination of artificial intelligence and biomechanical modeling 

on the basis of physics and digital twins becomes a revolution in the early detection of spine and joints' degeneration. 

Such an approach will enable a comprehensive approach to the treatment of musculoskeletal disorders through the 

combination of mechanistic principles and predictive analysis, thus turning musculoskeletal medicine into a prevention-

oriented one rather than mere disease management. The goals of the review are the following: 

1. To analyze AI methods that aid in early prediction of spine and joint degeneration 

2. To analyze physics-based methods used in biomechanics for risk assessment in musculoskeletal systems 

3. To analyze the digital twin approach and AI-biomechanics hybrid models for precision musculoskeletal healthcare 

 

2. Biological and Biomechanical Basis of Degeneration 

2.1 Pathophysiology of Intervertebral Disc Degeneration 

Disc Degeneration is a significant cause of Chronic Low Back Pain and involves degenerative changes occurring in terms 

of structure and biochemistry in the nucleus pulposus, annulus fibrosus, and vertebral endplates. The early stages of disc 

degeneration involve disc dehydration through the loss of proteoglycans. These changes cause decreased shock absorbing 

abilities of the disc and changes in load bearing capabilities [19]. Calcification of the endplate causes problems in the 

delivery of nutrients and increases cellular degeneration. 

 

2.2 Biomechanics of Osteoarthritis 

Osteoarthritis (OA) is a complex disease process that affects joints via destruction of the cartilage matrix, subchondral 

bone changes, and inflammation of the synovium. Mechanical overloading and aging compromise the stability of the 

extracellular matrix, causing degradation of the collagen and proteoglycan content of the joint cartilage [20,21]. At the 

same time, bone remodeling abnormalities result in bone sclerosis, thickening of the trabeculae, and osteophyte growth. 

The inflammatory factors released from the synovium enhance the process of joint destruction. 

 

2.3 Mechanobiology and Tissue Adaptation 

Mechanobiology refers to the effect of mechanical cues on cell behavior and tissue remodeling. As per Wolff’s Law, 

musculoskeletal tissues structurally adapt to their mechanical environment to retain their functionality. 

Mechanotransduction of the mechanical cues into biochemical signals controls matrix production, inflammation, and cell 
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survival [22,23]. Excessive or abnormal loading may alter the regulation processes, resulting in oxidative stress, matrix 

breakdown, apoptosis, and inflammation. Therefore, pathologic mechanical environments become the main contributors 

to musculoskeletal disorders. 

 

2.4 Multiscale Nature of Musculoskeletal Degeneration 

Degeneration of the musculoskeletal system is a multilevel process characterized by interlinked alterations at the cellular, 

tissue, organ, and organism levels. Altered mechanical stimulation results in changes in gene expression, metabolism, and 

inflammation processes at the cellular level. The resulting changes become evident at the tissue level through collagen 

disruption, proteoglycan loss, and accumulation of micro-damage (Figure 1) (Table 1). Organ-level degeneration impacts 

the biomechanics of discs, cartilage, ligaments, tendons, and joints through modification of their stress patterns and 

movements [24]. Postural and gait compensation affect organismal mechanics as well. 

 

Table 1: Biological Basis of Musculoskeletal Degeneration 

Subsection Key Features References  

IVDD Dehydration, endplate changes, instability [19,20] 

Osteoarthritis Cartilage loss, bone remodeling, inflammation [21] 

Mechanobiology Wolff's law, mechanotransduction, overloading [22,23] 

Multiscale Degeneration Cellular, tissue, organ, whole-body changes [24] 

 

 
Figure 1: Biological and Biomechanical Basis of Degeneration 

 

3. Computational Biomechanical Modeling Approaches 

3.1 Finite Element Modeling (FEM) 

Finite element modeling (FEM) is one of the most popular computational methods used to study the biomechanics of 

musculoskeletal tissues. FEM allows for the stress distribution, strain patterns and tissue deformations to be analysed in 

detail, in physiological and pathological loading conditions, by dividing anatomical structures into smaller elements. 

These include assessment of intervertebral disc degeneration; progression of OA, implant performance and spinal 

instability [25]. While FEM offers very accurate information regarding the tissue, the use of the technique in patients can 

be hampered by significant computational demands and problems with patient-specific parameter estimation and model 

validation. 

 

3.2 Musculoskeletal Modeling 

Musculoskeletal modeling is the study of the function of bones, muscles, tendons, ligaments, and joints through simulation 

to estimate the internal forces and movements. Various platforms, such as OpenSim, are available which can be used to 

build models specific to a particular subject that can be used to predict muscle activations, joint moments, and joint 

reaction forces [26]. These models are useful in evaluating biomechanics of gait, posture, and loading conditions during 

motion that may lead to musculoskeletal disorders. Musculoskeletal models combine motion capture and biomechanical 
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data to afford important insights into the process of disease progression, rehabilitation outcomes, and strategies for 

optimizing treatment. 

 

3.3 Multibody Dynamic Simulations 

A multibody dynamics simulation defines the musculoskeletal system as a combination of rigid or deformable bodies 

which interact with each other by means of joint or constraint connections. With such a modeling approach, it is possible 

to quickly analyze the complexities of human movements and force transmission during activities of daily living. One 

can say that the multibody simulations have the advantage of being faster than FEMs while still providing realistic models 

of whole body motion [27,28]. In addition, multibody simulation models are commonly used to predict human motion, 

compensate movements and estimate biomechanical risk factors for degeneration. 

 

3.4 Patient-Specific Biomechanical Models 

Biomechanical models are patient-specific, using patient anatomy and functional information to increase the accuracy of 

predictions and support personalized medicine. With the help of modern imaging technologies such as magnetic resonance 

imaging (MRI) and computed tomography (CT), geometrical shapes of tissues such as cartilage, intervertebral discs, 

ligaments, and bones can be modeled (see Table 2) [29]. These models also include individual loads that are dependent 

on body mass, patient posture, patient activities and gait characteristics. These models account for patient-specific 

biomechanics and give more accurate predictions regarding degenerative risk, efficacy of treatments and surgical 

planning. The possibility of their integration with wearables and artificial intelligence brings about the development of 

musculoskeletal digital twins. 

 

Table 2: Comparison of Major Computational Biomechanical Modeling Approaches 

Model Type Primary 

Output 

Advantage Limitation Application References 

FEM Stress/Strain High accuracy High computational 

cost 

Disc 

degeneration 

[25] 

Musculoskeletal 

Modeling 

Joint Loads Whole-body 

analysis 

Simplified tissue 

mechanics 

Gait analysis [26] 

Multibody 

Dynamics 

Kinematics Fast simulation Limited tissue 

detail 

Functional 

assessment 

[27,28] 

Patient-Specific 

Models 

Personalized 

Prediction 

Precision 

medicine 

Data intensive Surgical 

planning 

[29] 

 

4.Artificial Intelligence in Musculoskeletal Health 

Artificial intelligence (AI) is a powerful technology in the field of musculoskeletal medicine today, allowing us to offer 

innovative methods for prediction, diagnosis, treatment, and management of patients with musculoskeletal diseases. Due 

to the increasing availability of large databases of clinical, medical image, EHR data, and biomechanical information, 

machine learning and deep learning technologies are becoming increasingly popular in addressing complicated cases of 

musculoskeletal disorders [30,31]. AI’s capacity to recognize the intricate features of diseases that could possibly go 

unnoticed during routine clinical examinations can also assist in the early diagnosis of degenerative diseases and the 

introduction of precision medicine treatments. The application of artificial intelligence in the management of low back 

pain, neck pathologies, osteoarthritis, rheumatic diseases, and sport-related injuries has been proven to be clinically 

relevant in musculoskeletal medicine. 

Random forest, Extreme Gradient Boosting (XGBoost), and Support Vector Machines (SVMs) are among the machine 

learning methods that have been used extensively in the classification of diseases, as well as predicting the risks and 

outcomes. These models can detect large multidimensional data sets and capture the nonlinear correlations among the 

demographic, clinical, imaging, and biomechanical factors (Figure 2) [32]. Nonetheless, deep learning networks have 

made significant contributions to the improvement of predictive power in musculoskeletal applications in recent years. 

With the capacity to automatically derive hierarchical features from MRI, CT, radiographic and ultrasonographic images, 

the Convolutional Neural Networks (CNNs) emerged as the most prominent technique for image analysis [33,34]. With 

respect to the complexity of the spatiotemporal relations in musculoskeletal systems, the rising deep learning 

architectures, including Transformer and Graph Neural Networks (GNNs) create new possibilities for modeling the 

degenerative pathway and predicting the disease progression. 

Another effective application in musculoskeletal health is medical imaging. With respect to MRI imaging, artificial 

intelligence can facilitate the grading of intervertebral disc degeneration, cartilage assessment, tissue segmentation and 

structure characterization [35], while CT imaging can facilitate the determination of bone morphology, vertebral status 

and skeletal anomalies. Additionally, AI-driven radiographic analysis is found to be very accurate in automated severity 

grading of OA and spinal degeneration, thereby increasing the consistency of diagnostics and reducing the variability of 

interpretations [35]. To gain the trust of clinicians, explainable AI algorithms like SHAP, LIME and attention maps have 

been developed in order to provide explanations to model predictions. Furthermore, the creation of foundation models, 

multimodal learning approaches, and vision-language models expands the capabilities of AI by moving beyond mono-

modal tasks to include imaging, clinical, biomechanical and textual information in one predictive model [36]. Altogether, 

these technologies create a comprehensive AI-based ecosystem capable of aiding early diagnostics, individualized 

treatment plan development and prediction of the spine and joint degeneration. 
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Figure 2: Artificial Intelligence in Musculoskeletal Health 

 

5. Application of AI to Physics-Based Biomechanical Modeling 

Integration of AI with Physics-Based Biomechanical Modeling (PBM) represents an emerging approach to the problem 

of musculoskeletal prediction and degeneration. Although AI algorithms are able to find complex patterns within huge 

amounts of data, data-driven models can face problems with availability of sufficient amount of data, lack of transparency, 

and poor generalization to various patient groups [37]. Machine learning systems are "black-box" systems that provide 

perfect predictions, but no mechanistic understanding of why these predictions are correct. However, for musculoskeletal 

cases, where there is plenty of biological variability and biomechanics involved, it could be problematic to rely on AI 

alone. 

In order to tackle the mentioned difficulties, hybrid approaches combining AI with biomechanics have been proposed in 

an attempt to incorporate the learning approaches with the classical concepts of biomechanics. The aforementioned 

approach incorporates machine learning techniques along with biophysical models of tissue mechanics, tissue loading, 

and functioning [38,39]. The idea behind mechanistic learning approaches is to allow AI techniques to learn not only 

based on observational data but also based on underlying physical laws, which will provide additional robustness and 

physiological plausibility. 

Among the most important achievements in this area should be mentioned Physics-Informed Neural Networks (PINNs), 

in which equations and boundary conditions are incorporated into the learning process. Moreover, PINNs differ 

significantly from classic neural networks that are based only on a great deal of labeled data by using physical laws to 

guide the optimization process and thus improve the accuracy of prediction (see Table 3) [40,41,42]. Such models were 

successfully applied in biomechanics to analyze the deformation of tissues, estimate the stress and strain, fluid-structure 

interaction, and physiological system modeling. PINNs allow for reliable prediction of the results of experiments even 

when experimental data is scarce by incorporating biomechanical knowledge into the data-driven learning process. 

The important advance has been the development of surrogate models in finite element simulations. While traditional 

finite element analysis models are difficult to implement and expensive, and seldom used for clinical practice in real time, 

they provide highly valuable biomechanical information [43]. The surrogate models are approximate models of finite 

element analysis outcomes produced by the use of neural networks and reduced order modeling techniques, being 

substantially cheaper to calculate. The surrogate models are capable of predicting stress distribution, tissue behavior, and 

vulnerability to degeneration in extremely fast time. 

Notably, there is an increase in explainability and robustness of the models with the use of physical constraints. The use 

of a hybrid model guarantees that the results obtained are in line with existing biomechanical knowledge and thus provide 

much more explainable results compared to traditional black-box AI approaches [44]. It can be concluded that the 

combination of physics-based biomechanics with AI represents a significant breakthrough in the development of 

predictive models of spine and joint degeneration. 
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Table 3: Comparison Between AI-Only and Hybrid AI–Biomechanics Approaches 

Feature AI Only Hybrid AI–Biomechanics Key References 

Interpretability Low High [37,38] 

Physical Consistency Limited Strong [39] 

Data Requirement High Moderate [40] 

Generalizability Moderate Better [41,42] 

Clinical Trust Lower Higher [43] 

Computational Cost Low–Moderate Moderate [44] 

 

6. Digital Twins for Spine and Joint Degeneration 

6.1 Concept of Musculoskeletal Digital Twins 

The musculoskeletal digital twin refers to the virtual model of a specific patient where there is a continuous integration 

of data related to the anatomy, physiology, biomechanics, and clinical aspects of that patient. As opposed to the 

conventional models, digital twins are regularly updated with new data collected from the patient in order to be able to 

make real-time prediction of the disease progression. In the context of musculoskeletal care, Digital Twins provide various 

possibilities for the personalization of diagnosis, treatment optimization and outcome prediction. They are particularly 

valuable in the treatment of chronic degenerative conditions of spine and joints [45], as they allow for individual 

simulations that cannot be done on humans. 

 

6.2 Components of a Digital Twin 

The musculoskeletal digital twin relies on the capability of being connected with different data sources and computational 

modules. Methods such as MRI and CT scanning can be applied to create a thorough reconstruction of bone structure, 

cartilages, tendons and discs. Biomechanical models demonstrate the loading of tissues, mechanics of joint functioning 

and dynamics of movements, while the sensors which are worn on the body will deliver data constantly related to the 

physiological side of movements [46]. AI prediction engines process all these multimodal data sets in order to find patterns 

of tissue degeneration and clinical outcomes predictions. All these elements are interconnected and form a continuously 

updating virtual model of musculoskeletal system functioning. 

 

6.3 Spine Digital Twins 

The application of digital twins is becoming more common within the realm of spinal health care. It is possible to use 

patient-specific spine models in order to perform simulations and understand the progress of diseases and the effect of 

therapy before implementing the treatment methods in practice [47]. There have been recent findings that digital twins 

can be used to predict intervertebral disc degeneration, vertebrae fractures, spinal deformity development, and surgical 

outcomes. The use of spine digital twins is extremely valuable for clinicians because these models combine biomechanical 

simulations and artificial intelligence in order to optimize personal treatment. 

 

6.4 Joint Digital Twins 

Joint digital twins have been increasingly used in the treatment of knee osteoarthritis, hip degeneration and other similar 

conditions. Joint digital twins make use of imaging-derived anatomical information, gait mechanics, clinical examination 

and sensor-based monitoring, which are then used to model the disease progression of individuals [48]. Digital twins will 

be able to predict cartilage degeneration, response to treatments, and assist in making joint clinical decisions in knee 

osteoarthritis. The same is being done for hip degeneration and planning of arthroplasty. 

 

6.5 Current Challenges 

Even though digital twins present great promise, there are some barriers which must be dealt with before digital twins 

become more widespread. The creation of an integrated and holistic data set from imaging systems, wearable devices, 

biomechanical modeling and electronic health records is difficult (Figure 3)[49, 50]. Furthermore, rigorous validation is 

needed in order to achieve accurate, reliable and repeatable predictions. Some of the other barriers to clinical 

implementation are regulatory clearance, issues with data privacy, cybersecurity threats, and ethics. In order for digital 

twins to become a commonplace method of personalized musculoskeletal healthcare, these barriers need to be addressed. 

 

 
Figure 3: Digital Twins for Spine and Joint Degeneration 
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7. Multimodal Data Fusion for Early Prediction 

7.1 Medical Imaging 

Medical imaging is among the main components of multimodal prediction models of musculoskeletal degeneration. MRI 

is an advanced modality which allows obtaining highly detailed images of soft tissues, including intervertebral discs, 

cartilage, ligaments, and tendons and can help identify structural abnormalities in time [51,52]. CT is an effective method 

of imaging bone morphology, structure of vertebrae, and alignment of joints, while ultrasonography can be used to 

evaluate inflammation and soft tissue structures dynamically. This combination of imaging modalities increases the 

diagnostic accuracy and allows the complete assessment of structural abnormalities resulting from the disease. 

 

7.2 Wearable Sensor Data 

Wearable devices have the potential to provide continual information about the real world biomechanics along with 

imaging techniques. IMUs detect patterns of motion, angular velocity, and acceleration that are related to gait and posture. 

Plantar pressure distribution and load bearing are observed with the help of smart insoles, whereas kinematic analysis of 

joints can be obtained with the aid of motion capture systems [53,54,55]. The data gathered through the use of sensors 

can be used to detect abnormalities that can occur before structural changes. 

 

7.3 Clinical and Demographic Data 

Clinical and demographic variables are, however, significant predictors of degenerative conditions and can be used along 

with other variables in multimodal prediction models. Some of the major variables that have an impact on predisposition 

and progression of the disease are age, gender, body mass index (BMI), occupation, lifestyle-related factors, and medical 

history [56,57]. Genetic variability also exists in terms of risk for degeneration and response to therapy. Demographic 

and clinical information can be used together with imaging and biomechanical analysis to build a more complete picture 

of the patient and improve patient-specific prediction models. 

 

7.4 Omics and Biomarkers 

The utility of omics data in predicting diseases has been expanded with the latest advancements in high throughput 

technologies in biology. Latest advancements in the field of high throughput biological technologies have expanded the 

uses of omics data in disease prediction.Genomics provides insights into the molecular mechanisms and genetic 

susceptibility towards degeneration while the proteomics reveals the pattern of protein expression related to tissue 

remodeling and inflammation [58,59]. The use of metabolomics provides insight into metabolic alterations due to 

progression of the disease. All the above biomarker based approaches collectively assist in recognizing the pathological 

changes in the initial stages when there are no structural changes evident. 

 

7.5 Fusion Architectures 

The concept of multimodal data fusion techniques is to combine multiple information sources to form a single prediction 

model. The process of early fusion is applied in fusing multiple datasets at the input stage before modeling where one can 

learn multiple features from the different data sources. Late fusion: Increased robustness and flexibility due to 

combination of predictions that are separately computed from different data sources (see Table 4) [60,61,62]. Hybrid 

fusion techniques make use of both early and late fusion in an attempt to benefit from the strengths of the two approaches. 

Multimodal data fusion analysis of complex relationships among images, sensors, clinical and biomarker information is 

now possible using recent deep learning-based multimodal fusion techniques. 

 

Table 4: Multimodal Datasets Used for Degeneration Prediction 

Data Source Examples Clinical Relevance References 

MRI Disc grading, cartilage assessment Structural changes [51,52,53] 

CT Bone morphology, alignment Skeletal integrity [54,55] 

Wearables IMUs, smart insoles Functional assessment [56,57] 

Clinical Data Age, BMI, history Risk stratification [58,59] 

Omics Genomics, proteomics Molecular mechanisms [60,61,62] 

 

8. Clinical Applications and Case Studies 

The management of musculoskeletal disorders using artificial intelligence (AI) and computational biomechanics is 

currently undergoing a radical shift. One of the most promising applications of AI involves the early diagnosis of 

intervertebral disc degeneration, a condition where AI algorithms analyze imaging biomarkers, biomechanics data, and 

individual risk factors for detecting early signs of intervertebral disc degeneration even before serious changes happen 

[63] (see Figure 4). Similarly, predictive models are utilized for predicting the progression of OA based on radiographic 

findings, gait biomechanics, clinical data, and individual data of patients. 

Another one of these clinical applications is the prediction of surgical outcome. If used in combination, biomechanical 

simulation and machine learning models could help predict the degree of spinal stability post-surgery, the performance 

of the implant, functional recovery, and possibility of complications prior to surgery [64,65,66]. This predictive ability 

could be useful in the process of evidence-based treatment planning. Furthermore, with the use of artificial intelligence 

technology, the design of implants could be significantly improved due to the ability to model the stresses on the implant, 

its properties and interaction with tissue during loading of the spine. 
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Monitoring and rehabilitation through AI and biomechanics is another area where AI is becoming increasingly popular. 

Wearable sensors, mobile health and remote monitoring technologies make it possible to continuously monitor patients' 

movements, physical activity and recovery progress [67]. The data collected can be fed into machine learning algorithms 

which will detect any anomalies within the data which are normal during the recovery period [68]. These technologies 

will help with customized rehabilitation programs and improve patient compliance with the therapy. Continuous health 

monitoring outside the clinic environment is easily done using health apps and digital technologies [69]. 

One of the most promising ways to use AI-driven biodynamic modeling is the development of individualized therapy. 

Thanks to such a combination of medical imaging, simulations, clinical data, demographic data, and patient-reported 

outcomes, it is possible to develop individualized treatments depending on the condition of each patient. Moreover, it 

should be noted that the development of personalized treatments is additionally supported by the development of federated 

learning, predictive analytics, and AI-driven decision support systems, which make these personalized treatments more 

precise and comprehensive [70,71,72]. With their development and improvement, it is expected that they will bring a 

change in paradigms of treating spine and joint degeneration from the reactive one to proactive prevention and precision 

medicine of musculoskeletal system. Summarizing everything above, it is possible to say that the applications of AI-

driven biodynamics in clinical research are very promising and valuable. 

 

 
Figure 4: Clinical Workflow Integrating AI and Biomechanics 

 

10. Challenges and research gaps in the present times. 

While great strides have been made in artificial intelligence (AI), computational biomechanics, and digital twin 

technologies have been achieved, there remain a number of challenges in the way of their clinical use in musculoskeletal 

health care. A major constraint is the absence of big-scale longitudinal data sets that can track disease progression over 

longer time scales. Available studies are mostly based on cross-sectional or institution-specific data sets, meaning that 

predictive models are difficult to accurately predict long-term degeneration trajectories. Moreover, gathering 

biomechanical ground truth is challenging, as in vivo measurements of stresses, strains, and joint loading are often 

impractical and/or invasive. Many computational models rely on assumptions and indirect estimate that can cause 

uncertainty. Another significant challenge is computational complexity. High fidelity finite element and patient specific 

digital twins are very computational expensive and can not be used routinely in the clinic. Furthermore, numerous high-

end AI models are black-box systems, making it difficult to understand them and thus limiting the trust placed in them 

by clinicians and the ability to pass regulatory testing. A rising need in the healthcare field for models that give 

interpretable predictions and mechanistic explanations for clinical recommendations has been observed.It is observed that 

the need for models providing interpretable predictions and mechanistic explanations of clinical recommendations is on 

the rise in healthcare. However, workflow integration problems, data privacy concerns, regulatory requirements and 

multidisciplinary expertise are further barriers to clinical adoption. Last but not least, there is no uniform reporting 

procedure, validation framework, benchmarking approach, or data sets, which can complicate the comparison of models 

across studies and generate reproducible evidence. Mitigating these challenges will be essential to the successful 

integration of AI-powered biomechanical innovations from the lab into everyday MSK treatment. 

 

11. Future Directions 

Artificial Intelligence (AI), Computational Biomechanics, and Digital Twins will impact musculoskeletal health care in 

the future. One of the trends includes the development of "physics-informed" foundation models which make use of large 

data learning, physics, and physiological constraints. The use of physical laws in such models helps to improve prediction, 

interpretability, and generalization abilities of the models as well as reduces the necessity of collecting large amounts of 

labeled data. Real-time biomechanical digital twins, which include updating of patient-specific models from medical 

images, wearable devices, and clinical examinations, are also among the main trends. They will help to monitor disease 

progression, responses to treatment, and functional recovery in real time and make early clinical decisions possible. 

Generative AI technology will also be widely used in creating synthetic patient data sets that solve the problem of the 

lack of data, increase the robustness of models, and provide patients' privacy when building algorithms. The last one is 

the paradigm of federated learning which allows training AI models in several institutions without sharing patients' 

sensitive data. This will increase dataset variability, reduce biases, and make predictive models externally valid. 
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Meanwhile, reinforcement learning algorithms can be used for adaptive optimization of the treatment process through 

learning from patients' reactions and adjustment of treatment regimes. They can improve planning of rehabilitation, 

surgical procedures, and treatment regimes for individual patients. Finally, the introduction of digital autonomous clinical 

decision support systems (C-DSS) based on various types of data, biomechanical simulations, digital twins, and predictive 

analytics can revolutionize the field of musculoskeletal medicine. Overall, these technologies will aid in transitioning 

from reactionary approach to disease treatment to proactive disease prevention and personalized diagnostics, resulting in 

the ability to diagnose diseases earlier and select the appropriate disease treatments. 

 

12. CONCLUSIONS 

The interaction of AI technology, computational biomechanics, multimodal data fusion, and digital twin technologies is 

transforming musculoskeletal healthcare. Studies conducted recently show that the use of artificial intelligence could help 

in the detection of spine and joints' degeneration in its early stages, as well as predict potential diseases. The combination 

of the knowledge of the biomechanics and application of machine learning techniques may be beneficial as an option of 

increased interpretability, physiology and accuracy compared to data-driven approaches. In addition to that, innovative 

technologies such as physics-informed neural networks, patient-specific digital twins and multimodal prediction models 

open the doors for the development of precision medicine of musculoskeletal disorders. Even though there are certain 

limitations, such as lack of data and difficulties with validation of the model, high computational cost, explainability, and 

clinical adoption problems, those challenges are constantly being solved. In the future, next generation of musculoskeletal 

digital twins with real-time sensing, explainable AI and personalized predictive analytics will enable a transformation of 

musculoskeletal healthcare from disease management into prevention and personalization approach. 

 

REFERENCES  

1. Hu Z, Hong H, Lin T. Review of Progress of AI in Biomimetics: From Biological Patterns to Closed-Loop Discovery. 

Biomimetics. 2026 May 3;11(5):320. 

2. Ayhan C, Mekhaeil M, Channawi R, Ozcan AE, Akargul E, Deger A, Cayan I, Abdalla A, Chan C, Mahon R, Ayhan 

D. Applications of Artificial Intelligence as a Prognostic Tool in the Management of Acute Aortic Syndrome and 

Aneurysm: A Comprehensive Review. Journal of Clinical Medicine. 2025 Nov 27;14(23):8420. 

3. Lee YK, Yoon EJ, Kim TH, Kim JI, Kim JH. Musculoskeletal digital therapeutics and digital health rehabilitation: a 

global paradigm shift in orthopedic care. Journal of Clinical Medicine. 2025 Nov 28;14(23):8467. 

4. Kantesaria R, Panda HS. A review on AI-based data-driven models for optimization of nanocarriers as drug delivery 

systems. ACS Biomaterials Science & Engineering. 2026 Feb 11;12(3):1397-418. 

5. Bao X, Zhang Z, Shen Y, Tang P, Si G, Kang L, Xu B, Gu N. Cardiovascular Information and Health Engineering 

Medicine. Research. 2025 Oct 17;8:0956. 

6. Richert R, Jacobs R, EzEldeen M. CHAPTER II| Finite Element Models: A Road to In-Silico Modeling in The Age 

of Personalized Dentistry. Artificial Intelligence and Biomechanical Modeling Towards Patient-Specific Oral Surgical 

Procedures. 2024 Dec:51. 

7. Piechowiak M, Goch A, Panas E, Masiak J, Mikołajewski D, Rojek I, Mikołajewska E. The Global Importance of 

Machine Learning-Based Wearables and Digital Twins for Rehabilitation: A Review of Data Collection, Security, 

Edge Intelligence, Federated Learning, and Generative AI. Electronics (2079-9292). 2025 Dec 1;14(23). 

8. Munipalle M, Dang A, Celiz A, Li J, Li-Jessen NY. Computational Advances in Biomaterial Engineering: Mapping 

Research Trajectories Through Bibliometric Analysis. Tissue Engineering Part B: Reviews. 2026 May 

23:19373368261449957. 

9. Gu B, Jiang K, Wu T, Chen X, Chen Y, Liu Y, Song K, Li H, Wang X. Mechanics, Fracture, and Fragmentation of 

Thrombi: A Computational Study Review. Available at SSRN 6670480. 

10. Bi Z, Alfakawi RJ, Abu-Mulaweh H, Mueller D. Digital Twins in Development of Medical Products—The State of 

the Art. Designs. 2025 Dec 4;9(6):140. 

11. Huang X, Fu D, Zha X, Ling T, Huang J. High-precision 3D printing of hydrogel: Material innovations, process 

breakthroughs, and translational applications in regenerative medicine. APL Materials. 2025 Jun 1;13(6). 

12. Naveen P, Maheswar R, Ragupathy US, editors. Digital twins and cybersecurity: safeguarding the future of connected 

systems. John Wiley & Sons; 2025 Jan 29. 

13. Majeed H, Iftikhar T. Industry 6.0 in Aerospace, Defense, Military, and Automotive Smart Manufacturing. 

InIntelligent Manufacturing in Industry 6.0: A Climate Resilience Approach 2026 Jan 2 (pp. 391-464). Cham: Springer 

Nature Switzerland. 

14. Grinsztajn L, Flöge K, Key O, Birkel F, Jund P, Roof B, Manium M, Bin S, Bühler M, Garg A, Safaric D. TabPFN-3: 

Technical Report. arXiv preprint arXiv:2605.13986. 2026 May 13. 

15. Tino RB, Li M, Heshmat A, Suresh A, Guillaume A, Brock KK, Odisio BC, Koay EJ. Protecting organs-at-risk in 

cancer therapies through temporary organ displacement: a comprehensive review. Oncology Reviews. 2025 Sep 

5;19:1655365. 

16. Vasumathy M, Jothi CS. Metaheuristic Algorithms and Optimizing Neural. Metaheuristic Algorithms and Optimizing 

Neural Networks for Biomedical Image Processing. 2025 Aug 6:407. 

17. Vadala G, Russo F, Han IH, Jain A, Tavakoli J, Degenerative AS. The Biomechanical Landscape of Lumbar Disc 

Herniation: Mechanobiological Insights Into Injury and Regeneration. Neurospine. 2026 Jan 31;23(1):159. 



Genetics and Molecular Research 25 (13s): 2026                     10 

18. Park JS, Goh TS, Lee JS, Lee C. Analyzing isolated degeneration of lumbar facet joints: implications for degenerative 

instability and lumbar biomechanics using finite element analysis. Frontiers in Bioengineering and Biotechnology. 

2024 Mar 27;12:1294658. 

19. Wang W, Pan F, Wang P, Wang Y, Kong C, Lu S. Biomechanical response of four Roussouly's sagittal alignment 

lumbar to degeneration of different parts of intervertebral disc: finite element model analysis. IRBM. 2023 Aug 

1;44(4):100772. 

20. Lazaro-Pacheco D, Mohseni M, Rudd S, Cooper-White J, Holsgrove TP. The role of biomechanical factors in models 

of intervertebral disc degeneration across multiple length scales. APL bioengineering. 2023 Jun 1;7(2). 

21. Lacroix M, Nguyen C, Burns R, Laporte A, Rannou F, Feydy A. Degenerative lumbar spine disease: imaging and 

biomechanics. InSeminars in Musculoskeletal Radiology 2022 Aug (Vol. 26, No. 04, pp. 424-438). Thieme Medical 

Publishers, Inc.. 

22. Liu F, Chao S, Yang L, Chen C, Huang W, Chen F, Xu Z. Molecular mechanism of mechanical pressure induced 

changes in the microenvironment of intervertebral disc degeneration. Inflammation Research. 2024 Dec;73(12):2153-

64. 

23. Kwan KY, Ng KW, Rao Y, Zhu C, Qi S, Tuan RS, Ker DF, Wang DM. Effect of aging on tendon biology, biomechanics 

and implications for treatment approaches. International journal of molecular sciences. 2023 Oct 14;24(20):15183. 

24. Wang H, Li N, Huang H, Xu P, Fan Y. Biomechanical effect of intervertebral disc degeneration on the lower lumbar 

spine. Computer Methods in Biomechanics and Biomedical Engineering. 2023 Oct 26;26(14):1669-77. 

25. Davies BM, Mowforth O, Gharooni AA, Tetreault L, Nouri A, Dhillon RS, Bednarik J, Martin AR, Young A, Takahashi 

H, Boerger TF. A new framework for investigating the biological basis of degenerative cervical myelopathy [AO spine 

RECODE-DCM research priority number 5]: mechanical stress, vulnerability and time. Global spine journal. 2022 

Feb;12(1_suppl):78S-96S. 

26. Roupa I, da Silva MR, Marques F, Gonçalves SB, Flores P, da Silva MT. On the modeling of biomechanical systems 

for human movement analysis: a narrative review. Archives of Computational Methods in Engineering. 2022 

Nov;29(7):4915-58. 

27. Fahmy MA. A computational model for nonlinear biomechanics problems of FGA biological soft tissues. Applied 

Sciences. 2022 Jul 16;12(14):7174. 

28. Han Z, Dou Q. A review on organ deformation modeling approaches for reliable surgical navigation using augmented 

reality. Computer Assisted Surgery. 2024 Dec 31;29(1):2357164. 

29. Alaneme KK, Kareem SA, Olajide JL, Sadiku RE, Bodunrin MO. Computational biomechanical and biodegradation 

integrity assessment of Mg-based biomedical devices for cardiovascular and orthopedic applications: A review. 

International Journal of Lightweight Materials and Manufacture. 2022 Jun 1;5(2):251-66. 

30. Akbar S, Sharma RK, Sadique M, Jaiswal KM, Chaturvedi P, Kumar V, Shah SR. Computational analysis of clot 

formation risk in diabetes: A mathematical modeling approach. BIBECHANA. 2024 Oct 3;21(3):233-40. 

31. Punthipayanon S, Jangphonak P. Biomechanical Simulation of Boxing Glove Padding Effects on Punching Impact 

Forces: A Monte Carlo Approach. Letters in Biomathematics. 2026 May 25;13(2):172-9. 

32. Bahloul MA, Aboelkassem Y, Belkhatir Z, Laleg-Kirati TM. Fractional-order modeling of arterial compliance in 

vascular aging: A computational biomechanical approach for investigating cardiovascular dynamics. IEEE Open 

Journal of Engineering in Medicine and Biology. 2023 Dec 14;5:650-60. 

33. Bianconi F, Leoni M, Petras A, Schena E, Gerardo-Giorda L, Gizzi A. Higher-order thermal modeling and 

computational analysis of laser ablation in anisotropic cardiac tissue. Biomechanics and Modeling in Mechanobiology. 

2025 Feb 24;24(2):559. 

34. Jamari J, Ammarullah MI, Santoso G, Sugiharto S, Supriyono T, Permana MS, Winarni TI, van der Heide E. Adopted 

walking condition for computational simulation approach on bearing of hip joint prosthesis: Review over the past 30 

years. Heliyon. 2022 Dec 1;8(12). 

35. Ji S, Ghajari M, Mao H, Kraft RH, Hajiaghamemar M, Panzer MB, Willinger R, Gilchrist MD, Kleiven S, Stitzel JD. 

Use of brain biomechanical models for monitoring impact exposure in contact sports. Annals of Biomedical 

Engineering. 2022 Nov;50(11):1389-408. 

36. Marcuzzi A, Nordstoga AL, Bach K, Aasdahl L, Nilsen TI, Bardal EM, Boldermo NØ, Falkener Bertheussen G, 

Marchand GH, Gismervik S, Mork PJ. Effect of an artificial intelligence–based self-management app on 

musculoskeletal health in patients with neck and/or low back pain referred to specialist care: a randomized clinical 

trial. JAMA Network Open. 2023 Jun 27;6(6):e2320400. 

37. Dubey A, Uldin H, Khan Z, Panchal H, Iyengar KP, Botchu R. Role of artificial intelligence in musculoskeletal 

interventions. Cancers. 2025 May 10;17(10):1615. 

38. Cipolletta E, Fiorentino MC, Vreju FA, Moccia S, Filippucci E. Artificial intelligence in rheumatology and 

musculoskeletal diseases. Frontiers in Medicine. 2024 Apr 5;11:1402871. 

39. Muluk SY, Olcucu N. The role of artificial intelligence in the primary prevention of common musculoskeletal diseases. 

Cureus. 2024 Jul 25;16(7). 

40. Griefahn A, Zalpour C, Luedtke K. Identifying the risk of exercises, recommended by an artificial intelligence for 

patients with musculoskeletal disorders. Scientific Reports. 2024 Jun 24;14(1):14472. 

41. Román-Belmonte JM, De la Corte-Rodríguez H, Rodríguez-Damiani BA, Rodríguez-Merchán EC. Artificial 

intelligence in musculoskeletal conditions. Artificial Intelligence in Medicine and Surgery-An Exploration of Current 

Trends, Potential Opportunities, and Evolving Threats-Volume 1. 2023 Mar 25. 



Genetics and Molecular Research 25 (13s): 2026                     11 

42. Longo UG, Marino M, Nicodemi G, Pisani MG, Oeding JF, Ley C, Papalia R, Samuelsson K. Artificial intelligence 

applications in the management of musculoskeletal disorders of the shoulder: A systematic review. Journal of 

Experimental Orthopaedics. 2025 Apr;12(2):e70248. 

43. Ruitenbeek HC, Oei EH, Visser JJ, Kijowski R. Artificial intelligence in musculoskeletal imaging: realistic clinical 

applications in the next decade. Skeletal Radiology. 2024 Sep;53(9):1849-68. 

44. D'Angelo T, Caudo D, Blandino A, Albrecht MH, Vogl TJ, Gruenewald LD, Gaeta M, Yel I, Koch V, Martin SS, Lenga 

L. Artificial intelligence, machine learning and deep learning in musculoskeletal imaging: current applications. Journal 

of Clinical Ultrasound. 2022 Nov;50(9):1414-31. 

45. Shariatnia MM, Bagherieh S, Semnani F, Rafiei N, Avval AH, Ollivier M, Musahl V, Pareek A. Artificial Intelligence 

Applications in Musculoskeletal Imaging. Current Reviews in Musculoskeletal Medicine. 2026 Dec;19(1):1-4. 

46. Mutu HB. Data-driven modeling in biomechanics: The synergy of artificial ıntelligence and numerical analysis. Ann 

Case Rep Med Images. 2026 Feb 10;3(1):1064. 

47. Addla N. AI Predictive Models in Sports Using Biomechanics. International Journal of AI, BigData, Computational 

and Management Studies. 2026 Apr 24;7(2):135-52. 

48. Arzani A, Wang JX, Sacks MS, Shadden SC. Machine learning for cardiovascular biomechanics modeling: challenges 

and beyond. Annals of Biomedical Engineering. 2022 Jun;50(6). 

49. Tepole AB, Zhang J, Gomez H. Data-driven methods in biomechanics. Journal of biomechanical engineering. 2022 

Dec 1;144(12):120301. 

50. Hashemi A, Beheshti J, Mohammadi M. Physics-based, AI-driven surrogate modeling for structural displacement 

prediction in mechanical systems with limited sensor data. IEEE Access. 2025 Jul 18. 

51. Souaifi M, Dhahbi W, Jebabli N, Ceylan Hİ, Boujabli M, Muntean RI, Dergaa I. Artificial intelligence in sports 

biomechanics: A scoping review on wearable technology, motion analysis, and injury prevention. Bioengineering. 

2025 Aug 20;12(8):887. 

52. Lee JH, Gao H, Döllinger M. Integrating machine learning with physics-based modeling of physiological systems. 

Frontiers in Physiology. 2025 Feb 5;16:1562750. 

53. Demiral M, Mamedov A, Köklü U. Engineering Applications of Biomechanics in Medical Sciences: Insights from 

Musculoskeletal and Cardiovascular Systems—A Narrative Review of the 2020–2026 Literature. Eng. 2026 May 

13;7(5):235. 

54. Guo P. A Comparative Study of Generative, Physics-based, and Mathematical Approaches to Human Gait 

Analysis (Doctoral dissertation, Purdue University Graduate School). 

55. Hussain SR, Zeb A. THE PHYSICS OF THE HUMAN BODY: BIOMECHANICS AND BEYOND. WORLDWIDE 

JOURNAL OF PHYSICS. 2024 Dec 31;3(2):84-104. 

56. Landinez D, Rodríguez CF, Cifuentes De la Portilla C. Patient-specific spine digital twins: a computational 

characterization of the idiopathic scoliosis. Journal of orthopaedic surgery and research. 2025 Jan 10;20(1):39. 

57. Sun T, Wang J, Suo M, Liu X, Huang H, Zhang J, Zhang W, Li Z. The digital twin: a potential solution for the 

personalized diagnosis and treatment of musculoskeletal system diseases. Bioengineering. 2023 May 23;10(6):627. 

58. Diniz P, Grimm B, Garcia F, Fayad J, Ley C, Mouton C, Oeding JF, Hirschmann MT, Samuelsson K, Seil R. Digital 

twin systems for musculoskeletal applications: A current concepts review. Knee Surgery, Sports Traumatology, 

Arthroscopy. 2025 May;33(5):1892-910. 

59. Liu T, Sun L, Sun C, Chen Z, Li J, Su P. A Digital Twin System for the Sitting-to-Standing Motion of the Knee Joint. 

Electronics. 2025 Jul 18;14(14):2867. 

60. Oettl FC, Samuelsson K, Pruneski JA. The Use of Artificial Intelligence and Digital Twins: Revolutionizing 

Orthopedics Surgery from Joint Arthroplasty to Improving Evaluation and Treatment Options. InHandbook of Tissue 

Reconstruction and Regeneration 2026 Jan 29 (pp. 1-18). Singapore: Springer Nature Singapore. 

61. Lomax N, Vinjamuri S, Vinjamuri S, Franco D, Schroeder G, Harrop J. A comprehensive exploration of digital 

twinning in spine surgery. Clinical Spine Surgery. 2025 Jun 11;38(5):224-9. 

62. Glinkowski WM, Gieroba T, Śliwczyński A. Digital Twins in Orthopedics and Trauma: Concepts, Emerging Evidence, 

and Barriers to Clinical Translation. Journal of Clinical Medicine. 2026 May 27;15(11):4127. 

63. He X, Qiu Y, Lai X, Li Z, Shu L, Sun W, Song X. Towards a shape-performance integrated digital twin for lumbar 

spine analysis. Digital Twin. 2025 Apr 3;2(2):2520116. 

64. Ahmadian H, Mageswaran P, Walter BA, Blakaj DM, Bourekas EC, Mendel E, Marras WS, Soghrati S. Toward an 

artificial intelligence‐assisted framework for reconstructing the digital twin of vertebra and predicting its fracture 

response. International journal for numerical methods in biomedical engineering. 2022 Jun;38(6):e3601. 

65. Jayakumar P, Rathouz PJ, Lin E, Trutner Z, Uhler LM, Andrawis J, Koenig KM, Tsevat J, Bozic KJ. Shared decision 

making using digital twins in knee osteoarthritis care: a randomized clinical trial of an AI-enabled decision aid versus 

education alone on decision quality, physical function, and user experience. EClinicalMedicine. 2025 Nov 1;89. 

66. Nikolaou N, Salazar D, RaviPrakash H, Gonçalves M, Mulla R, Burlutskiy N, Markuzon N, Jacob E. A machine 

learning approach for multimodal data fusion for survival prediction in cancer patients. NPJ Precision Oncology. 2025 

May 6;9(1):128. 

67. Sha M, Al-Dossary H, Rahamathulla MP. Multimodal data fusion framework for early prediction of autism spectrum 

disorder. Human behavior and emerging technologies. 2025;2025(1):1496105. 

68. Sunil DM, Joshi PV. Early Prediction of Chronic Diseases Through Multimodal Data Fusion in Machine Learning: A 

Survey. In2025 7th International Conference on Intelligent Sustainable Systems (ICISS) 2025 Mar 12 (pp. 1108-1115). 

IEEE. 



Genetics and Molecular Research 25 (13s): 2026                     12 

69. Zhao F, Zhang C, Geng B. Deep multimodal data fusion. ACM computing surveys. 2024 Apr 24;56(9):1-36. 

70. Zhang Y, Song T, Wei L, Wang J, Pan Y, Wei G, Guo Y, Song H, Cao W. MAMIFusion: a multimodal data fusion 

framework based on EHRs for enhancing diabetes prediction accuracy. Network Modeling Analysis in Health 

Informatics and Bioinformatics. 2025 Sep 30;14(1):113. 

71. Pawłowski M, Wróblewska A, Sysko-Romańczuk S. Effective techniques for multimodal data fusion: A comparative 

analysis. Sensors. 2023 Feb 21;23(5):2381. 

72. Gaw N, Yousefi S, Gahrooei MR. Multimodal data fusion for systems improvement: A review. Handbook of Scholarly 

Publications from the Air Force Institute of Technology (AFIT), Volume 1, 2000-2020. 2022 Dec 20:101-36. 

 


